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1 Systems

Abstract— This paper presents an efficient and robust
method for performing non-rigid image registration and
relative gamma estimation in a simultaneous manner. The
proposed method identifies regions of interest within the
target image and determines the optimal correspondence
and relative gamma between each region of interest and
the reference image. The problem of finding the optimal
correspondence and relative gamma between each region of
interest and the reference image is combined and formulated
such that both problems can be solved as a single minimum
squared distance problem efficiently using the Fast Fourier
Transform (FFT). The resulting correspondence and relative
gamma information is used to estimate the geometric transformation between the target image and the reference image,
as well as perform gamma correction between the images.
Experimental results demonstrate that good registration and
relative gamma estimation accuracy can be achieved using
the proposed method, making it well-suited for registering
images captured under different levels of exposure.
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1 Introduction
The problem of image registration is a common problem
in image processing and computer vision that refers to the
alignment of two or more images of the same scene captured
under different devices or conditions such as perspective and
illumination changes. Image registration is fundamental to a
large number of fields such as:
1) medical imaging [1], [2], [3], [4],
2) remote sensing [6], [7], [20], [8], [9],
3) video source coding [10], [11],
4) and digital photography [12], [13], [5].
The traditional method of registering images required a human expert to select matching points of interest between the
images, which is often very difficult and time consuming. As
such, automated image registration have become increasingly
popular, especially in situations where a large volume of
images need to be registered.
One particularly popular application of image registration
is panorama generation, where a number of images of
the same scene acquired from different perspectives are
stitched together to form a large panoramic image. There

are several reasons for generating panoramas in this manner.
It is often not possible to capture a wide field of view of
using standard camera equipment. Furthermore, in the case
of digital photography, panorama generation allows for the
creation of high-resolution images using images captured
using low-resolution cameras. An example of a panoramic
image generated using multiple images is shown in Fig. 1.
One major problem faced in automated image registration
for the purpose of panorama generation are the illumination
and exposure inconsistencies within the series of images. In
many cases, the images acquired for panorama generation are
captured at different times and under different conditions.
As a result, the multiple images of the same scene may
have substantial illumination differences. There are two main
issues that arises due to such illumination variations. First,
the use of uncorrected images in the panorama generation
process result in panoramic images that are aesthetically
displeasing. An example of a panoramic image generated
using uncorrected images is shown in Fig. 2.
The second issue associated with illumination variations
between the images is that the overlapping regions are represented by different pixel values. As a result, conventional
image registration approaches that compare pixel values
directly to determine image content similarity decreases in
registration accuracy.
One approach to reducing illumination inconsistencies
within the series of images is to perform gamma correction
prior to performing image registration. A problem with this
approach is that it is necessary to determine the relative
gamma between the images prior to performing gamma
correction. However, it is difficult to determine the relative
gamma between the images unless the actual overlapping
regions are known. Since the whole purpose of image registration is to determine the overlapping regions between the
images, this results in a circular dependency between the
image registration and relative gamma estimation processes.
Therefore, an alternative approach to solving both the image registration and relative gamma estimation problems is
desired.
The main contribution of this paper is an efficient and
robust approach that performs simultaneous non-rigid image
registration and relative gamma estimation using the Fast
Fourier Transform (FFT). The proposed method is robust
against differing exposure and illumination conditions as well
as different geometric transformations such as translation,

Fig. 1.

Fig. 2.

Example of panoramic image generated from multiple images

Example of panoramic image generated using uncorrected images.

rotation, shearing, and perspective transformations. In this
paper, previous work in automatic image registration is
presented in Section 2. The underlying theory behind gamma
correction is discussed in Section 3. The proposed method
is described in Section 4. The methods and data used to
evaluate the proposed method are outlined in Section 5. Experimental results are presented and discussed in Section 6.
Finally, conclusions are drawn in Section 7.

2 Background
A large number of techniques have been proposed for
the purpose of image registration. Most image registration
techniques can be classified in the following categories: i)
frequency domain techniques, ii) direct comparison techniques, and iii) feature comparison techniques.
Frequency domain techniques [14], [15], [8] utilize frequency domain characteristics to determine the alignment
between images. A common frequency domain technique is
phase correlation, where the inverse transform is performed
on the quotient between the Fourier coefficients of the two
images being registered. The peak of the result indicates

the translation that aligns the images with each other. This
technique has subsequently been extended for rotations and
scale [15].
Direct comparison techniques [7], [16], [17], [18], [4], [5]
try to determine the alignment between images by finding the
similarity directly between pixel intensities. Similarity comparison methods that have been used in direct comparison
techniques include correlation [18], [17], mutual information [7], and maximum likelihood [16]. Direct comparison
techniques are often used for aligning images captured using
similar devices. A example of this is panorama generation,
where the images are captured using similar camera equipment under different perspectives.
Feature comparison techniques [6], [19], [20], [4], [9] try
to determine the alignment between images by comparing
the similarity between features extracted from the images.
Features that have been used in such techniques include
orientation [4], shape [6], moment invariants [9], and contour
[19]. The main advantage of feature comparison techniques
is that, by comparing features extracted for the same feature
space, it allows for the comparison and alignment of im-

ages that are captured using different modalities and under
different conditions.
With the exception of our earlier work presented in [5],
there are currently no efficient and robust techniques for
simultaneous image registration and relative gamma estimation. Furthermore, our earlier work in simultaneous image
registration and relative gamma estimation is limited in a
number of very important areas. The first main problem
with our earlier work is that it is restricted to determining
alignments that involve only rigid-body translations. This
limits its usefulness in practical situations where the alignment between the images can only be represented by more
complicated transformation models. For example, panorama
generation typically involves various types of transformations
such as translation, rotation, shear, and perspective transformations. The second main problem is that our earlier work
performs a single global similarity matching process between
the images. The disadvantage to this approach is that it
is susceptible to misalignments due to local imperfections
in the images. The proposed method addresses all of the
aforementioned issues to provide an efficient and robust
technique for simultaneous non-rigid image registration and
relative gamma estimation.

3 Gamma Correction
It is necessary to discuss the theory behind gamma correction to get a better understanding about the proposed image
registration and gamma estimation technique. A popular
technique used in image calibration and correction is gamma
correction, which is used to adjust the intensity range of
an image in a non-linear fashion. It is typically used to
ensure an accurate reproduction of the image is achieved on
the corresponding display device, preventing images from
appearing washed out. Gamma correction can be expressed
by the following power-law relationship:
Ic = I γ

(1)

where γ is the gamma value, and I and Ic are the uncorrected
and corrected intensity values respectively. If γ > 1, the
gamma correction is referred to as gamma expansion since
the intensity range of the uncorrected image is expanded
non-linearly. If γ < 1, the gamma correction is referred
to as gamma compression since the intensity range of the
uncorrected image is compressed non-linearly. An example
the two types of gamma correction are shown in Fig. 3.
Gamma correction may also be used to improve image
consistency between images that are captured under different
exposure and illumination conditions. This is particularly
important for the purpose of panorama generation, where
images need to be consistent with each other to produce aesthetically pleasing panoramic images. To achieve luminance
consistency between two images using gamma correction, it
is first necessary to determine the relative gamma between
the reference image and the target image. The relative gamma
between the reference image f and the target image g is the

Fig. 3.

Example of gamma correction

value such that the following power-law relationship holds
true between the overlapping regions:
Rg = Rfγ

(2)

where Rg and Rf are the overlapping regions in the reference
and target images respectively, and γ is the relative gamma
value. The target image f can then be corrected using the
relative gamma value:
fc = f γ

(3)

where fc is the corrected target image that is consistent with
the reference image f .

4 Simultaneous Non-Rigid Image Registration
and Relative Gamma Estimation
Similar to other non-rigid image registration techniques,
the proposed technique can be broken up into three main
processes. First, points of interest are identified and their
corresponding regions of interest are then extracted from the
reference image. The regions of interest from the reference
image are then matched against the target image. Finally,
outlier rejection is performed on the matched regions of
interest pairs and transformation estimation is performed
using the remaining pairs. The key contribution of the
proposed method is the novel and efficient matching process
that determines the optimal region of interest correspondence
and the optimal relative gamma value in a simultaneous
manner. This in effect improves both registration accuracy
and illumination consistency between the images.
4.1 Region of Interest Extraction
The first step in many non-rigid image registration techniques is the extraction of points of interest from the images
being registered. This is typically done using feature point
detectors that find points of interest within the images based
on their perceptual significance [22], [23], [21]. Rather than

finding symmetric points of interest from both the reference
image and target image, the proposed technique finds points
of interest only in the reference image. Therefore, instead
of matching points decided from both images, the proposed
technique performs an exhaustive search to find corresponding regions of interest in the target image. There are some
advantages to this approach. First, it is highly robust against
missed points of interest and false positives due to noise,
exposure variations, and other conditions. Furthermore, since
an exhaustive search is performed, it does not suffer from
the possible misalignment of symmetric points of interest
experienced by other techniques.
In the proposed technique, the modified Harris corner
detector described by Noble [23] is used to determine points
of interest in the reference image. The detected points of
interest are then pruned to retain the desired number of
the most significant points of interest. A circular region of
interest of radius r is then extracted around each point of
interest for the purpose of region correspondence.
4.2 Simultaneous Correspondence and Relative Gamma
Estimation
Given a set of regions of interest {R1 , R2 , ..., Rm } extracted from the reference image g, an exhaustive region
correspondence process is performed between each region
of interest and the target image f to determine the corresponding region of interest in f with the highest similarity.
An effective metric to determining optimal region correspondence is the sum of squared distances. The similarity metric
between a region of interest Ri and target image f can be
expressed as follows:
Si =

X

2

(f (x) − g(x)) Ri (x)

(4)

x

where x is the two-dimensional coordinate of a pixel within
an image and Ri (x) defines a region of interest i in reference image g. Therefore, the optimal region correspondence
between Ri and f can be defined as the translation vector ti
that minimizes the sum of squared distances Si :


X
2
ti = arg min 
(f (x − t) − g(x)) Ri (x)
t

(5)

x

One of the issues with using the aforementioned minimum
squared distance region correspondence approach is that it
is highly sensitive to exposure and illumination variations
within the images being aligned. These variations result in
different intensity values within overlapping regions, leading
to increased dissimilarity when the standard sum squared
distance similarity metric is used. By not accounting for
such variations in the similarity metric, the overall correspondence accuracy is reduced. As discussed earlier, the common
approach of performing gamma correction prior to region
correspondence requires the actual overlapping regions and
therefore leads to a circular dependency between the region

correspondence and relative gamma estimation problems.
To remedy this circular dependency, we propose a novel
approach that performs region correspondence and relative
gamma estimation in a simultaneous manner.
To achieve simultaneous region correspondence and relative gamma estimation, the individual region correspondence
and relative gamma estimation problems are merged into
a single problem so that they can be solved together. To
accomplish this goal, it is important to first reformulate the
power-law relationship that defines gamma correction into a
form that can be integrated into the minimum sum squared
distance region correspondence problem. Using logarithm
rules, the power-law relationship in (2) can be rewritten as
follows:
log(Rg ) = γ log(Rf )

(6)

The region correspondence similarity metric in (eq3) can
therefore be rewritten to integrate the power-law relationship
as follows:
Si =

X

2

(γlog(f (x)) − log(g(x))) Ri (x)

(7)

x

The simultaneous region correspondence and relative gamma
estimation problem between region of interest Ri and target
image f is as follows:


X
2
ti , γi = arg min 
(γlog(f (x − t)) − log(g(x))) Ri (x) .
t,γ

x

(8)
The coordinates of the matched region of interest pairs can
then be used for the purpose of transformation estimation
between the images being aligned.
4.3 Efficient Problem Optimization in the Frequency
Domain
An observation that can be made about the aforementioned
simultaneous region correspondence and relative gamma
estimation problem is that it is a computationally expensive
optimization problem to solve in a direct fashion. Therefore,
a technique for reducing the computational complexity of the
optimization problem is highly desired to improve overall
image registration performance.
The technique used to reduce the computational complexity of the optimization problem is to reformulate the problem
into one that can be solved efficiently in the frequency
domain. Similar approaches have been used for simplifying
other correlation-based optimization problems [11], [18], [4]
and have proven to be very effective.
The region correspondence and relative gamma estimation
problem shown in (7) can be expanded and rewritten in terms
of convolutions as follows:



_



Si = γ 2 log( f )2 ∗ Ri (t)


_
P
−2γ log( f ) ∗ (log(g)Ri ) (t) + g(x)2 Ri (x)
x

(9)
where ∗ denotes a convolution and f (x) = f (−x). As terms
that are independent of t do not alter the solution, these terms
can be eliminated from the equation. While the convolution
terms are computationally expensive to compute in the spatial
domain, they become substantially more efficient to compute
in the frequency domain since convolutions in the spatial
domain become multiplications in the frequency domain.
The optimization problem can therefore be reformulated as
follows:

previous work. First, this allows for the use of non-rigid
transform models to represent the alignment between the
images. Furthermore, since multiple region of interest pairs
contribute to determining the image transform, the proposed
technique is less error-prone than our previous technique.

_



_ 2
Si = γ 2 F −1 F (log( f ) )F (Ri ) (t)


_
−2γF −1 F ((log( f ))F (log(g)Ri ) (t)

(10)

where F and F −1 are the Fourier Transform and the inverse
Fourier Transform respectively. Through the use of the Fast
Fourier Transform (FFT), the above optimization problem
can be solved in a much more efficient manner than if
solved in a direction manner. Another important property of
this problem optimization formulation is that it evaluates the
region correspondence problem for all translations efficiently
in a simultaneous fashion. The optimal relative gamma
can be determined for each translation by minimizing the
quadratic form as expressed in Equation (10). Using these
optimal values, the optimal local region correspondence can
be found.
4.4 Outlier Rejection and Transform Estimation
Once the coordinates of the matched region of interest
pairs are found, the Random Sample Consensus (RANSAC)
algorithm [25] is performed on the matched region of interest
pairs to remove possible outlier pairs. Since many parameter estimation techniques used for transform estimation
are based on least squares optimization and thus highly
sensitive to outlier region of interest pairs, outlier rejection
techniques such as RANSAC can substantially improve the
accuracy of the estimated transform and thus improve the
robustness of the proposed technique in non-ideal situations.
The pruned set of region of interest pairs are then used to
estimate the transform that aligns the images being evaluated
using techniques such as the normalized direct linear transformation (DLT) algorithm [26]. For testing purposes, the
proposed technique estimates the transform using a projective
transform model, which can model a combination of different
transformations such as translation, rotation, shearing, and
projective transformations. This transform model is wellsuited for many applications such as panorama generation.
For more complex image registration tasks, high-order transform models may be used with the proposed technique. There
are two main advantages to this approach compared to our

4.5 Image Alignment and Gamma Correction
The final steps in the proposed technique are to perform
gamma correction and alignment on the images being evaluated. It can be observed that an optimal relative gamma
value γi was solved for every region of interest Ri in
the region correspondence and relative gamma estimation
process. Therefore, there is a relative gamma value associated
with each region of interest pair in the pruned set used
for transform estimation. In the common situation where
the relative gamma between the reference image and the
target image is uniform, a single relative gamma value is
determined using statistics derived from the set of relative
gamma values and subsequently used to perform gamma
correction on the target image. In the proposed technique, the
relative gamma value is computed as the median of the set
of relative gamma values determined for the pruned region
of interest pairs. In the cases where the relative gamma is
non-uniform throughout the image, a surface interpolation
algorithm may be used to estimate the relative gamma value
on a per-pixel basis. Finally, once the target images have
been gamma corrected, the transforms determined during
the transform estimation process is used to align the images
together.

5 Testing Methods
The effectiveness of the proposed technique was
evaluated using six different sets of images for the purpose
of panorama generation. Each of the six sets of images
contain two photographs of the same scene under different
conditions. A summary of each set of images is described
is shown below.
1) TEST1: Panoramic view of Dr. Sun Yat-Sen Classical
Chinese Garden, Vancouver
2) TEST2: Panoramic view of Nitobe Memorial Garden,
Vancouver
3) TEST3: Panoramic view of Chinatown, Vancouver
4) TEST4: Panoramic aerial view of Quebec City
5) TEST5: Panoramic view of a lobby in Sheraton Wall
Centre, Vancouver
6) TEST6: Panoramic view of Vancouver coastline
To obtain quantifiable test results, the target images are
modified such that the relative gamma between the reference and target images are known. For testing purposes,
the proposed technique was tested for the relative gamma
values of γ = 5/6 and γ = 19/10 and the registration
accuracy and the relative gamma estimation accuracy were
determined. As a point of comparison, 20 region of interest

pairs were determined manually to act as gold standards. The
registration accuracy was then determined as the root mean
squared error (RMSE) between the estimated coordinates and
the actual coordinates for these gold standard pairs on a pixel
basis. Another 20 region of interest pairs were manually
selected, a transform was fitted using these pairs using a
projective transform model, and the RMSE was measured
for the estimated transform model for comparison purposes.
The relative gamma estimation accuracy was determined as
the difference between the estimated relative gamma and the
actual relative gamma.

6 Experimental Results
A summary of the registration accuracy and relative
gamma estimation accuracy for the test sets is shown in
Table I. It can be seen that the RMSE of the proposed
automated technique is reasonably low for all test sets
and comparable to that achieved using manually selected
region of interest pairs. This indicates that good registration
accuracy can be achieved using the proposed technique. Furthermore, the relative gamma estimation error is reasonably
low for all test sets, which demonstrates the effectiveness
of the proposed technique for providing a good estimation
of the relative gamma between the reference and target
images. Examples of images corrected and aligned using the
proposed technique are presented in Fig. 4, Fig. 5, and Fig. 6.

7 Conclusions
In this paper, we have presented a technique for the simultaneous non-rigid image registration and relative gamma
estimation in an efficient and robust manner. Experimental
results demonstrate the proposed technique can achieve both
high registration accuracy and high relative gamma estimation accuracy for the purpose of panorama generation. It is
believed that the proposed technique can be used effectively
for the purpose of registering images captured under different
exposure and illumination conditions, as well as improving
image consistency between registered images.
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TABLE I
R EGISTRATION AND R ELATIVE G AMMA E STIMATION ACCURACY FOR T EST I MAGES

Alignment Error1 (RMSE)
Gamma Estimation Error
Test Set
Manual selection γ = 5/6 γ = 19/10 γ = 5/6
γ = 19/10
TEST1
2.9908
3.3263
2.9975
0.0345
0.0837
TEST2
1.6324
1.8751
2.0340
0.0430
0.0433
TEST3
1.7823
2.0558
2.0414
0.0386
0.0308
TEST4
1.4566
1.8523
1.9494
0.0419
0.0200
TEST5
1.2549
1.7678
1.7847
0.0705
0.0630
TEST6
2.3832
2.9472
3.2084
0.0464
0.0119
1: The RMSE is computed as the mean of 10 test trials given the randomness in the registration process.

Fig. 4.

TEST1 test set; Top-Left: Reference image, Bottom-Left: Target image, Right: Resulting image

Fig. 5.

TEST2 test set; Top-Left: Reference image, Bottom-Left: Target image, Right: Resulting image

Fig. 6.

TEST4 test set; Top-Left: Reference image, Bottom-Left: Target image, Right: Resulting image

