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Abstract

This paper aims to present an overview of recent as well as classic multi-modal image registration
methods, specially about registration of visible and infrared image. Image registration is the process
of overlaying images (two or more) of the same scene taken at different times, from different view-
points, and/or by different sensors. The registration geometrically aligns two images (the reference
image and sensed input images). The reviewed approaches are classified according to their nature
(pixel-based and feature-based). Registration algorithms compute transformations to set correspon-
dence between the two images. The purpose of this paper is to provide a comprehensive review of the
existing literatures available on registration algorithms of visible and infrared images. Moreover, we
compare and analyze using real scene data the performance of Mutual information based algorithm
and Fourier transform based algorithm which are representative algorithms in registration algorithms.

Keywords: Image Regestration Algorithm, Mutual information based algorithm, Fourier transform
based algorithm

1 Introduction

Recent advances in imaging, networking, data processing and storage technology have resulted in an
explosion in the use of multi-modality images in a variety of fields, including video surveillance, urban
monitoring, cultural heritage area protection and many others. The integration of images from multi-
ple channels can provide complementary information and therefore increase the accuracy of the overall
decision making process. A fundamental problem in multi-modality image integration is that of align-
ing images of the same/similar scene taken by different modalities. This problem is known as image
registration and the objective is to recover the correspondences between the images. Once such corre-
spondences have been found, all images can be transformed into the same reference, enabling to augment
the information in one image with information from the others.

The process of registering two or more images can be computationally intensive. The general proce-
dure, however, is relatively straight-forward. The algorithm can be stated as follows:

1) Given two images to registered, one should denote as the reference image and the other should
denote the mis-registered floating image. The objective is to transform the floating image until it
looks like the reference image.

2) Choose a criterion function that will determine the degree of match/mismatch between the refer-
ence image and the transformed floating image. Also choose a stopping criterion that indicates the
image is registered.

3) Optimize the transformation on the test image such that the stopping criterion is met.
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The choice of criterion function is an essential part of the registration process. Comparison methods
such as cross-correlation and mutual information are some of the more common techniques found in
the literature. Correlation techniques perform well in mono-modal registration wherein there is a lin-
ear relationship between the measurements for the same spatial elements in the two image acquisitions.
However, because of the non-linear relationship that can arise between the intensities of images across
different modalities, correlation has been shown generally not to be a suitable candidate for a criterion
function in multi-modal image registration. Since its introduction by Viola and Wells[15], mutual infor-
mation has been one of the most discussed and acclaimed registration measures for multi-modal image
registration. Mutual information is a statistical measure that assesses the strength of dependence be-
tween two stochastic variables. Even though mutual information has been shown to outperform other
comparison methods used for registration, it is not a panacea[12]. The process can often be improved by
incorporating spatial information when performing the alignment. In this paper, we limit our review to
the work for registering visible and infrared images.

(a) Infrared image (b) Visible image

Figure 1: Two different modal images with same scene

2 Related Works

2.1 Classification of image registration algorithm

Several related survey papers for image registration have appeared over the years. [13], [3], [5] have
provided a broad a broad overview of over three hundred papers for registering different types of sen-
sors. Following most of literature, we also divide existing techniques into two categories: Pixel-based
method and feature-based method. Pixel-based method first define a metric, such as the sum of square
differences and mutual information[3], which measures the distance of two pixels from different images.
The registration problem is them changed to minimize the total distance between all pixels on one image
and the corresponding pixels on another image. The representatives are pixel-based methods are Mutual
information based algorithm and Fourier transform based algorithm. Mutual information (MI) is a sta-
tistical measure that finds its roots in information theory. MI is a measure of how much information one
random variable contains about another. The MI of two random variables A and B can be defined as

I(A,B) = ∑
a,b

PA,B(a,b) log
PA,B(a,b)

PA(a)•PB(b)
(1)
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where PA,B(a,b) is the joint probability mass function (pmf) of the random variables A and B, and
PA(a) and PB(b) are the marginal probability mass functions of A and B, respectively. In working with
images, the functional form of the pmf is not readily accessible. The normalized histograms of the
intensity values for each image serve as a good approximation of the pmf. The MI can also be written in
terms of the marginal and joint entropy of the random variables A and B as follows

I(A,B) = H(A0)+H(B)−H(A,B) (2)

where H(A) and H(B) are the entropies of A and B, respectively, and H(A,B) is the joint entropy
between the two random variables. They are defined as

H(A) =−∑
a

PA(a) logPA(a) (3)

H(A,B) =−∑
a,b

PA,B(a,b) logPA,B(a,b) (4)

One interpretation of entropy is as a measure of uncertainty of a random variable. A distribution
with only a few large probabilities has low entropy value; the maximum value over a finite interval is
achieved by a uniform distribution over that interval. The entropy of an image indicates how difficult it
is to predict the gray value of an arbitrary point in the image. MI is bounded by cases of either complete
dependence or complete independence of A and B, yielding values of I = H and I = 0, respectively,
where H is the entropy of A and B. The strength of the mutual information similarity measures lies in the
fact that no assumptions are made regarding the nature of the relationship between the image intensities
in both modalities, except that such a relationship exists. This is not the case for correlation methods,
which depend on a linear relationship between image intensities. For image registration, the assumption
is that maximization of the MI is equivalent to correctly registering the images. It is clear that if the joint
entropy of A and B are not affected by the transformation parameters, maximizing the MI is equivalent to
minimizing the joint entropy. The joint entropy is minimized when the joint pmf of A and B contain few
sharp peaks. This occurs when the images are correctly aligned. When the images are mis-registered,
however, new combination of intensity values from A and B will cause dispersion in the distribution.
This dispersion leads to a higher joint entropy value, which in turn decrease the MI.

Fourier transform based algorithm is preferred, if an acceleration of the computational speed is
needed or if the images were acquired under varying conditions or they are corrupted by frequency-
dependent noise. They exploit the Fourier representation of the images in the frequency domain. The
phase correlation is based on the Fourier Shift Theorem and was originally proposed for the registra-
tion of translated images. It computes the cross-power spectrum of the sensed and reference images
and looks for the location of the peak in its inverse. If a change of image scale is present too, the im-
ages can be registered using the combination of polar-log mapping of the spectral magnitude (which
corresponds to the Fourier-Mellin transform) and the phase correlation or cepstrum filter. Some authors
propose to compute the correlation in frequency domain to handle multimodal images when applied to
the edge representations instead of the original gray level images[14]. Extension of phase correlation to
sub-pixel registration by means of the analytic expression of phase correlation on down sampled images
was introduced by Foroosh et al[6].

In feature-based method, interest points like Harris corners, scale invariant feature transform (SIFT),
speed-up robust feature (SURF)[2], etc., are first extracted from images. Afterwards, these features
are matched based on the metrics, such as cross correlation and mutual information. Once more than
four feature correspondences are obtained, the transform can be computed. Over the last decade several
variations of the original SIFT algorithm, as well as some novel approaches, have been proposed focusing
on the perceived weakness of SIFT[2], [9]. Recently, applications that combine feature points from
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different spectral band images are being developed. The difficulty in finding correspondences between
feature points from visible and infrared images results from the nonlinear relationship results in a lack of
correlation between their respective gradient. Furthermore, infrared images appear smoother, with loss
of detail and texture, so that the detection of corners, as candidates for local descriptor points, is also
poorly favored.

In principle, pixel-based method should be better than the feature-based method because the former
considers the global minimization of the cost function, but the later one minimizes the cost function lo-
cally. In practice, however, feature-based method has better performance for many applications, because
the interest point is supposed to be distinctive in a local area, thus leading to the better matching. On the
other hand, the pixel-based method is much more expensive than the feature-based algorithm, because
every pixel is involved in the computation. Most existing publications for image registration dedicate
to solving four problems: 1) an efficient way to extract feature points, which guarantees the majority of
features on both images is identical; 2) a better feature descriptor; 3) a suitable metric to measure the
distance of two feature descriptors; 4) a proper transform model.

Among these four problems the detection of repeatable features and also the feature matching are
more challenging when dealing with infrared and visual cameras. The main reason is that the electro-
magnetic wavelengths of visible sensor and IR sensor are quite different. Normally, the wavelength of
IR sensor is from 4 to 12 microns, while the wavelength of visible sensor roughly lies between 0.4 to 0.7
microns. This leads to the fact that IR images have noticeably less texture in the area where tempera-
tures are more homogeneous. However, the texture information is very important for both interest point
detection and feature matching.

[1] presents a novel feature point descriptor for the multispectral image case : Far-infrared and Visible
spectrum images. Initially, points of interest are detected on both images through a SIFT-like based scale
space representation. Then these points are characterized using an Edge Oriented Histogram (EOH)
descriptor. Finally, points of interest from multispectral images are matched vy finding nearest couples
using the information from descriptor.

As an another approach, there is a method dealing with transforming a multi-modal registration to
a mono-modal one used in medical image registration. These techniques that reduce a multi-modal to a
mon-modal registration can be differentiated into two classes. The first one try to simulate one modality
from the other[16]. Examples are X-ray to CT (Computer Tomography) registration with the creation of
digitally reconstructed radiographs and ultrasound to CT registration with the simulation of ultrasound
images. The second group consists of methods that transfer both images into a third, artificial modality.

2.2 Registration of visible and infrared image

Many approaches have been proposed for automatically registering Infrared (IR) and visible images.
Edge/gradient information is one of the most popular features as their magnitudes [9] and orientation [4]
may match between infrared and visible images.

In [5], authors first extract edge segment, which are then grouped to form triangles. The transform
can be computed by matching triangles from the source to destination images.

Huang et al. [17] proposes a contour-based registration algorithm, which integrates the invariant
moments with the orientation function of the contours to establish the correspondences of the contours
in the two images. Normally it is difficult to obtain accurate registration by using contour-based method,
because precisely matching all contours detected from two images is challenging. Moreover, this method
drastically increases computation time compared to interest point-based registration. To improve this
work, Han et al.[7] propose to find correspondences on moving contours. They extract silhouettes of
moving humans from both images. Matching only the contours of humans significantly improves both
the performance and the efficiency of the algorithm. An alternative[7] is to make use of the object moving

28



Survey on Registration Techniques of Visible and Infrared Images Kyungsu Kim

paths generated by object tracking algorithm. Finding correspondences between trajectories helps to
align images. This type of algorithm work very well when moving objects can be precisely tracked from
both channels. Unfortunately, the current tracking algorithm is not satisfactory in many applications.
In [8], they try to align based on lines derived from edges of the images. These lines strongly relate
to the boundaries of objects, which always appear on both images through IR sensor and visible sensor
have significantly different properties. Moreover, they enable one-to-many matching based on a simple
feature descriptor, which allows one feature on one image to have more potential correspondences in
another image. This ensures that the majority of the initial matching is correct.

3 Experimental comparison

In this section, we implement two kinds of algorithms, mutual information based algorithm and Fourier
transform based algorithm, to register visible image and IR image and compare their performance. We
use Normalized mutual information[10] and SSD cost function based on linear regression[11] as simi-
larity metrics. In these experiments, we consider only translational shift.

In order to register with the reference image, we apply original image without any special pre-
processing for mutual information based algorithm. However, we get gradient images from image pairs,
apply smoothing filter and modify a bit the algorithm[11] to consider translational shift for Fourier based
algorithm. We acquire test images from one site including objects using MWIR camera (466X364) at
regular intervals for all the day. Image sequences consist of 42 images which include most of normal
images, some saturated images due to sunburn and some with occluded parts caused by regional fog.
The reference image is CCD image taken in the afternoon on fine day at same place. Moreover, to
evaluate the effect of contrast enhancing algorithm for registration, we apply pre-processing algorithm,
CLAHE(Contrast Limited Adaptive Histogram Equalization), to input image in our experiments.

Figure 2: MWIR images
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Figure 2 shows 42 images(466X364) collected for 24 hours.

1 input:reference image(g), input image(w), ROI image(f);
2 assign h1=1, h2=f, and h3=(∂ f/∂θ );
3 precompute F(hih j) for i, j = 1,2,3;
4 precompute F(hi) for i = 1,2,3;
5 repeat
6 find bounding box for nonzero part of w’;
7 shift g’ and w’ equally so that the bounding box is in the upper-left corner;
8 pad/crop the shifted g’ and w’ so that they are the same size as f;
9 compute F{w’} and F{g’w’};

10 compute [Ax,y]i, j = F−1{F{hih j}F{w′}x,y},;
11 i,j=1,2,3 for all integers shifts (x,y);
12 simultaneously (Note that Ax,y is symmetric.);
13 compute [bx,y]i, j = F−1{F{hi}F{g′w′}x,y},;
14 i,j=1,2,3 for all (x,y);
15 for each valid shift(x,y) do
16 solve Ax,ys = bx,y for s;
17 C(x,y) = sT AT

x,yAx,ys−2bT
x,ys ;

18 if C(x,y) is the lowest so far then
19 record (x∗,y∗) = (x,y) and s∗ = s;
20 end
21 end
22 adjust to compensate for the initial ;
23 shift of g’ and w’ (see step 7);
24 until completed more than 3 iterations;
25 The solution is (x∗,y∗)

Algorithm 1: SSD with linear remapping

Figure 3: Reference image(CCD, 466 X 364)
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Figure 3 is CCD image used for the reference image and the blue rectangle in the middle shows the
region used for matching.

Figure 4: Input image (Infrared)
(Search region : 117 X 91)

Figure 4 is the input image and the red rectangle in the middle shows the search region for matching.

Figure 5: Pre-processed input image by CLAHE

Figure 5 shows the pre-processed input image by CLAHE.
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(a) Result of original image

(b) Result of contrast enhanced image(CLAHE)

Figure 6: Peak value of target and clutter after applying mutual information based algorithm
(x axis : ] of input image, y axis : peak value of target and clutter)

Figure 6 is the result of the mutual information based algorithm and show the NMI peak values of
target and clutter in 42 images. The NMI peak value of target is included in 10X10 regions around the
center of input image. The NMI peak value of clutter is the maximum of the rest except for the maximum
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Figure 7: Comparison of TCR between original image and contrast enhanced image

Figure 8: Comparison of TCR between original image and contrast enhanced image (in case that refer-
ence image is also contrast enhanced)

value considered as the target.
Figure 7 shows TCR about original image and contrast enhanced image. TCR is calculated by the

following equation.

TCR(Target to Clutter Ratio) = Target peak NMI/Clutter peak NMI (5)

We can see that the TCR of contrast enhanced image is higher than that of original image. Figure 8 is
the result in case that the reference image (visible image) is also contrast enhanced. The TCR of contrast
enhanced image has been improved quite differently from the Figure 7.

Table 1 and Table 2 show the registration result of Mutual information based algorithm and Fourier
transform based algorithm. We consider that if the distance error of registration is inside of 5 pixels and
the correlation surface becomes good curved surface, registration is success. As the results turned out,
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we can see that the Mutual information based algorithm haven’t always better performance than Fourier
transform based algorithm and the latter has advantage in execution time and can have better performance
than the former if the good pre-processing is applied to input image.

Table 1: Results of Mutual information based algorithm

````````````````````̀

Registration
error (pixel distance)

Algorithm Mutual Information based algorithm

Original image Contrast enhanced image

inside of 5 pixels 37/42(88%) 39/42(93%)

Table 2: Results of Fourier transform based algorithm

````````````````````̀

Registration
error (pixel distance)

Algorithm Fourier transform based algorithm

Original image Contrast enhanced image

inside of 5 pixels 37/42(88%) 41/42(100%)

4 Conclusion and Future Work

Image registration is one of the most important task when integrating and analyzing information from
various sources. Among those, registration of visible image and infrared image is specially very im-
portant and has been studied for a long time in military application. This paper gives a survey of the
classical and up-to-date registration algorithm of visible and infrared image, classifying them according
to their nature. Specially, we compare the performance of representative algorithms, Mutual information
based algorithm and Fourier transform based algorithm which are widely used in multimodal registration
field. Mutual information based algorithm has good performance but disadvantage in execution speed.
Fourier transform based algorithm has relatively lower performance but advantage in execution speed.
As the experimental results say, Fourier transform based algorithm has better performance than Mutual
information based algorithm if a proper pre-processing to input image is done, in addition to advantage
in speed. Recently, not to apply a simple contrast enhancement algorithm to input image, the study on
transformation to the other dimensional image to represent well common regions of multi-modal images
has been done to improve the performance of registration.

Moreover, the future development in this field could pay more attention to the feature-based methods,
where appropriate invariant and modality insensitive features can provide good platform for the regis-
tration. The demand for higher robustness and accuracy of the registration usually enforces solutions
utilizing the iterations or backtracking, which also produces increase of computational complexity of the
methods.
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