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ABSTRACT

Accurate image registration is crucial for the effectiveness of
super resolution. In super resolution, image registration is
used to find the disparity between low resolution images. In
this paper an image registration approach based on a com-
bination of Scale Invariant Feature Transform (SIFT), Belief
Propagation (BP) and Random Sampling Consensus
(RANSAC) is proposed for super resolution. The SIFT algo-
rithm is used to detect and extract the local features in im-
ages, BP is used to match the features while RANSAC is
adopted to filter out the mismatched points and then estimate
the transformation matrix. The proposed method is compared
with traditional SIFT to verify its accuracy and stability. Fi-
nally, the result of using the proposed approach in the super
resolution application is given.

1. INTRODUCTION

Super resolution is a method to reconstruct a high resolution
image from a sequence of low resolution images. High reso-
lution images are desirable in many applications such as
clinical diagnosis, high quality video conferencing, high
definition television broadcasting, blu-ray movies etc. There
are three major steps in super resolution i.e., image registra-
tion, interpolation and restoration. Accurate image registra-
tion is an important factor in super resolution performance.
The demand for accuracy in image registration is increasing
because of the super resolution applicability in various fields.

There is a great deal of the image registration research in
the literature. Reported methods can be classified into two
main approaches: intensity-based methods and feature-based
methods. Intensity-based methods compare the intensity pat-
terns in images via correlation metrics, while feature-based
methods find correspondence between image features. Scale
Invariant Feature Transform (SIFT) is one of the most popu-
lar feature-based methods introduced by Lowe [1]. SIFT is
able to detect and describe local features that are invariant to
scaling and rotation. Various improvements have been made
to the SIFT algorithm, and a recent one reported in [2] uses
belief propagation (BP) to achieve better matching than with
the minimum Euclidean distance method [1] which com-
pletely ignores the geometric information among the descrip-
tors. In [3] Random Sampling Consensus (RANSAC) [4] is
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used to improve the mismatch points in the SIFT algorithm
and then a support vector machine is adopted to estimate the
transformation matrix. In [5] the algorithm is improved by
applying effective mismatch filtering using the genetic algo-
rithm. In [6], matching in the traditional SIFT algorithm is
improved by using principal-component analysis (PCA) and
RANSAC is used to estimate the homography matrix. In [7]
the SIFT algorithm is used to register medical microscopic
image sequences where the Gaussian weighting function is
used to optimise the feature descriptor.

In this paper we demonstrate effectiveness of the SIFT
with BP algorithm [2] for image registration in super resolu-
tion imaging, and further improve the result by applying
RANSAC for eliminating the remaining mismatched points
and estimating the transformation matrix. The rest of the pa-
per is organized as follows. A brief review of the background
is presented in the next section. In Section 3, we describe the
implementation of the proposed method. Experimental re-
sults are given in Section 4. We conclude and address future
work in Section 5.

2. IMAGE REGISTRATION FOR SUPER
RESOLUTION

Generally, three problems need to be solved when perform-
ing super resolution: (i) image registration, (ii) interpolation
and (iii) restoration. In this paper, we focus on the image
registration step, which is a crucial step in super resolution.

Image registration is used in super resolution to register
low resolution image frames. A subpixel-registered image
sequence of the same scene potentially contains more infor-
mation than any single view alone. Image registration en-
ables finding subpixel shifts and hence extracting useful in-
formation from multiple frames. Many methods are proposed
for this task (see [7] for a survey). The SIFT algorithm is one
the most popular feature-based image registration methods
often used in panoramic imaging, medical imaging, robotics,
and surveillance.

After image registration, the relative pixels positions of
all low-resolution images in the sequence in reference to the
first image are identified. Then we can project this informa-
tion on high-resolution grid. For this task we use the algo-
rithm of [9], though any other method can also be applied.
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The following sub-section discusses the background of im-
age registration techniques used in this paper.
2.1  SIFT feature extraction

The SIFT algorithm [1] presents a method for extracting lo-
cal features that are tolerant to scale and illuminations
changes as well as rotation. There are four main steps in ex-
tracting the local features: (i) keypoints detection, (ii) key-
points localization, (iii) orientation assignment, and (iv) key-
points descriptor generation.

First, a set of Difference of Gaussian images covering
the range of scales are generated using a Gaussian pyramid
and then local minima and maxima are tracked through scale
space by comparing each pixel with its 36 nearest neighbors.
Each local minima and maxima form a candidate keypoint.

The second step is to determine location and scale for
each candidate keypoint. The points with low contrast and
poorly localized edge points are rejected.

In the orientation assignment step, each keypoint is as-
signed a direction based on the local image gradient. Addi-
tional keypoints will be created if strong directions exist.

Lastly, the local neighborhood of each keypoint is used
to generate an array of SIFTdescriptors. The SIFT descriptor
is generated by calculating orientations and magnitude of the
pixel neighborhood relative to the keypoint in question. Each
descriptor is made by an area of 3 x 3 pixels and consists of 8
bins. Each pixel contributes with its magnitude to the bin
closest to its orientation. More details on how SIFT descrip-
tors are calculated can be found in [1].

2.2 Descriptor matching using belief propagation

For image matching, descriptor vectors of all keypoints are
stored in a database. In traditional SIFT [1], matches between
keypoints are found based on Euclidean distance.

In [2], belief propagation (BP) is used in the matching
process where the keypoint matching is formulated as a
global optimisation problem. Detailed steps on how BP is
used in the SIFT matching process can be found in [2].

2.3 RANSAC and transformation matrix estimation

RANSAC is a robust estimator originally proposed by Fish-
cler and Bolles in 1981[4] where it was used to derive a us-
able model from a set of data. In [3], RANSAC is used to
filter out the incorrectly mapped points that come from the
imprecision of the SIFT model.

The correct matching features are classified into inliers
and outliers using RANSAC. Inliers are the data that adhere
to the model while the outliers are the data that do not. The
RANSAC algorithm starts by randomly selecting sets of cor-
responding points. For each possible set of four keypoints at
the reference image and their respective matches at the target
image the mapping transform is found. Then transformation
matrix is estimated using those points as follows:

X X
y|=A
VA 1

where (x',y')¢—(x,y) are pixel point correspondences,

and A is a 3x3 transformation matrix.
Using the transformation matrix, the symmetric transfer

error d(x,A"'x")* +d(x, Ax) is calculated for every match-
ing point, and the inliers that are less than the threshold value
are counted. Here d(x, y) is the Euclidean distance between

points x and y. Then the same procedure is applied to the rest
of the keypoints in the reference image, and spatial coordi-
nates of transformed keypoints are compared to the coordi-
nates of the respective keypoints in the target image. This
allows establishing the number of keypoint pairs that fit the
model within a certain tolerance. The model that supports
maximum number of keypoint pairs (consensus set) within a
transform model is considered as optimal. Then the model
will transform the target image to the reference image, so that
corresponding points in both images are spatially close to
each other.

3. THE PROPOSED METHOD

The proposed image registration method for super resolution
is shown in Figure 1. We assume that Test image needs to be
registered with Reference image. First, the original SIFT
algorithm [1] is used to extract the local features in both im-
ages. The extracted features are then matched using the BP
algorithm as in [2]. Next, mismatched points that remain
after the BP matching are eliminated using RANSAC. Fi-
nally, the transformation matrix is estimated once all the cor-
rect matching points are established, and the image is resam-
pled using the optimal transform model.

SIFT SIFT

—
DeSCript%‘ ./Descripto rs
Feature Matching
using BP
RANSAC

Transformation
matrix

Resampling

Figure 1: The block diagram of the proposed method.

One example of the keypoints matching obtained by
SIFT, SIFT-RANSAC and SIFT-BP is shown in Figure 2 (a)-
(c). Keypoints are shown by blue circles and matches with
red lines. One can see that SIFT-RANSAC (without BP)
eliminated two wrong matches after SIFT, and SIFT-BP
eliminated 4 wrong matches.
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Figure 2: Keypoints matching of the original low resolution
images (a) using original SIFT (25 matches) (b) using SIFT-
RANSAC (23 matches) (c) using SIFT-BP (21 matches).

Figure 3 demonstrates that the proposed approach elimi-
nates two remaining wrong matches by applying RANSAC
after the BP algorithm. Thus, using RANSAC after BP can
reduce the number of wrongly matched keypoints that can
potentially improve the image registration result, and conse-
quently super resolution performance.

Figure 3: Keypoints matching using the proposed method
(19 matches).

4. RESULTS

This section presents experimental results and compares
super resolution performance when using SIFT, SIFT-
RANSAC, SIFT-BP, and SIFT-BP-RANSAC for image reg-
istration. The performance was tested on simulated and real-
world low resolution images. We present results of image
registration only, and super resolution.

The first experiment was based on two simulated
images used in Section 3. The test image was shifted by
random translations in pixels, and the original image was
used as a reference. Figure 4 compares image registration
results obtained with SIFT, SIFT-BP [2], and SIFT-
RANSAC [3]. SIFT-BP and the proposed SIFT-BP-
RANSAC method gave the best results. It can be seen from
Figures 4 (c) and (d) that the registered image based on
SIFT-BP has artefacts due to wrong registration at the first
rectangular close to number 1 on the right of the image. This
problem was removed by eliminating two more bad matches
with RANSAC.
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(d
Figure 4: The registered image using (a) SIFT (b) SIFT- RANSAC
(c) SIFT-BP (d) the proposed method.

After image registration, we proceed with super reso-
lution. In this work we use the algorithm of [9] for robust
super resolution, i.e., to perform interpolation and restoration
of the registered image. Note however, that most other super
resolution methods can be used instead of [9].

Figure 5 shows the resulting super resolution images
obtained when SIFT, SIFT-BP, SIFT-RANSAC, and SIFT-
BP-RANSAC were used for image registration. The im-
proved quality of images after super resolution with SIFT-BP
and SIFT-BP-RANSAC image registration compared to the
original low-resolution image shown in Figure 6 (left) is ob-
vious. SIFT-BP still suffers from the same artifacts as after
registration.
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Figure 5: Results of super resolution for (a) SIFT (b) SIFT-
RANSAC (c) SIFT-BP (d) the proposed method.
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Figure 6: (left) One of the low resolution image (52x93) (right) High
resolution image (208x372).
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Figure 7: Keypoints matching using (a) SIFT (96 matches) (b) SIFT-RANSAC (83 matches) (c) SIFT-BP (48 matches) and (d) the pro-
posed method (48 matches).

Figure 5 also shows the importance of the image regis-
tration step, since super resolution on wrongly registered
images with SIFT and SIFT-RANSAC (shown in Figures 5
(a) and (b), respectively) led to very poor high resolution
results in Figures 5 (a) and (b), respectively.

The second experiment is given to show the effective-
ness of the proposed method with real-world images. Figure
7 shows the keypoints matches obtained by SIFT, SIFT-BP,
SIFT-RANSAC, and SIFT-BP-RANSAC. We observe mis-
match points in the original SIFT and SIFT-RANSAC but
most of the mismatched points were removed after BP.

After the wrong matches have been removed the inliers
are used to solve the transformation matrix. Figure 8 shows
the registration results. The red circles in Figure 8 highlight
the most obvious errors in the registered images after resam-
pling. For example, in Figure 8(a) and 8(c) the text has been
distorted and the same can be said for the arrow in Figure
8(b). In Figure 8(d) however, the proposed method offers
improved performance as no such artefacts can be seen in the
registered image.

As demonstrated, applying RANSAC after BP improves
image registration performance. As a direct result of the reg-
istration improvement, the performance of the super resolu-
tion algorithm is significantly improved. This is illustrated in
Figure 9 and 10 from which we can see better super resolu-

(@ (b)
Figure 8: Registered image using (a) SIFT (b) SIFT-RANSAC (c) SIFT- BP (d) the proposed method
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tion performance as a result of more accurate registration.
The red circles again highlight the most obvious artefacts in
the resulting images. The super-resolution image obtained
using SIFT-BP-RANSAC for image registration has obvi-
ously the highest visual quality.

In addition to the above test images, we further tested
the proposed methods using images from the Oxford build-
ings dataset [10]. The results obtained for these test images
are similar to those reported.

5. CONCLUSION

In this paper, we propose using SIFT-BP-RANSAC based
image registration for image super resolution. The technique
was applied on simulated and real-world images and the ini-
tial results are encouraging especially when compared to the
traditional SIFT method. The advantage of the proposed
method lies in its ability to overcome the outliers introduced
in the SIFT-BP method and hence correctly estimate the
transformation matrix. The resulting super-resolution images
show better visual quality compared to the case when SIFT
SIFT-BP or SIFT-RANSAC alone are used for image regis-
tration.

(c) (d)
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Figure 9: Super resolution results with (a) SIFT (b) SIFT-RANSAC (c) SIFT-BP (d) the proposed method

Figure 10: (left) One of the low resolution image
(128x128) (right) High resolution image (512x512)

REFERENCES

[1] D. G Lowe, “Distinctive image features from scale-
invariant keypoints,” Int. J. Computer Vision, 60(2), 2004,
pp. 91-110.

[2] S. Cheng, V. Stankovic, and L. Stankovic, “Improved sift-
based image registration using belief propagation,” in Proc.
ICASSP-2009, IEEE Int. Conf. Acoustics, Speech and Signal
Proc., Taiwan, Apr. 2009, pp.2909-2912.

[3] Z. Yuan. P. Yan, and S. Li , “Super resolution based on
scale invariant feature transform,” in Proc. Int. Conf. Audio,

303

Language and Image Processing, 2008. ICALIP 2008,
pp.1550-1554, 7-9 July 2008

[4] M. A. Fischler and R. C. Bolles, “Random sample con-
sensus: A paradigm for model fitting with applications to
image analysis and automated cartography,” Comm. of the
ACM, pp 381-395, 1981.

[5] Z. Yuan, A. Ahrary, P. Yan, and S.-I. Kamata, “Image
registration based on Genetic Algorithm and weighted fea-
ture correspondences,” Consumer Electronics, 2009. ISCE
'09. IEEE 13th Int. Symp. on , pp.42-46, 25-28, May 2009
[6] Y.-M. Seong and H.W. Park, “Superresolution tech-
nique for planar objects based on an isoplane transforma-
tion”, Optical Engineering, Vol. 47, Issue 5, 2008

[7] C.Tang; Y. Dong, and X. Su, “Automatic Registration
Based on Improved SIFT for Medical Microscopic Sequence
Images,” Intelligent Information Technology Application,
2008. IITA '08. Second Int. Symp. on, vol.1, no., pp.580-583,
20-22, Dec. 2008

[8] Z. Barbara and J. Flusser, “Image registration methods: A
survey,” Image Vis. Comput. 21 (2003) (11), pp. 977-1000.
[9] S. Farsiu, D. Robinson, M. Elad, and P. Milanfar, “Fast
and robust multi-frame super-resolution,” IEEE Trans. Image
Processing, vol. 13, no. 10, Oct. 2004.
[10]http://www.robots.ox.ac.uk/~vgg/data/oxbuildings/index.
html.



