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Abstract - A pyramid approach for multimodality image 
registration based on mutual information is presented. 
The image pyramid is obtained by using the wavelet 
transform. An exhaustive search algorithm at the coarsest 
level of the image pyramid is developed. Image 
partitioning and gray level intensity binning are used to 
increase the fidelity of the process. Because of the fact 
that image partitioning is used, our algorithm has the 
potential to be parallelized and implemented on a 
multiprocessor computer. Our algorithm has been 
applied on remotely sensed images. The results show that 
our algorithm performs fairly well. 
 
Keywords: Image registration, mutual information, image 
fusion, wavelet transforms, image pyramid. 
 

1 Introduction 
 
In object detection and recognition applications, a single 
sensor, depending on its features and/or viewing position, 
may not receive all the information necessary for detecting 
an object by human or computer vision. If several sensors 
with different features and/or viewing positions are used 
then the image information obtained from each one can be 
combined with the others. The usage of multiple sensors in 
fields such as remote sensing, medical imaging and 
automated machine vision, has increased in the past 
decade. As a result of this, image processing techniques to 
fuse images from different sensors to generate a composite 
image for interpretation have emerged. Before applying 
any fusion algorithm, there is an indispensable image 
processing task, that is image registration. 
 
Image registration is a procedure that determines the best 
match between two or more images of the same object 
field, acquired at the same time or at different times, by 
identical or different sensors. The key issue in image 
registration is to establish correspondence between 
multiple images of the same scene. A broad range of 
image registration techniques have been developed for a 
wide variety of imaging problems [1]. A newly developed 
method based on mutual information (MI) has been found 
to be an appropriate similarity metric for many multisensor 
registration problems [2-4]. One major difficulty with MI 
based methods is the possible existence of local maxima. 
If any pose parameter set corresponding to a local maxima 

is closer to the initial guess of a search algorithm than the 
pose parameter set corresponding to the global maximum, 
then it is quite likely that the search algorithm will 
converge to the local maximum. In many cases where MI 
based algorithms have been applied successfully [2-6], the 
original misregistration has been assumed to be small. 
Consequently, the algorithm converges to the global 
maximum successfully. For more general cases, a strategy 
needs to be developed that avoids local maxima and 
converges to the correct solution. Coarse-to-fine 
multiresolution approaches have been proposed for this 
purpose [5-7]. These approaches reduce the number of 
local maxima [5] and increase accuracy and efficiency. 
However, convergence to the global maximum is still not 
guaranteed. Although the pyramid approach is attractive 
for the implementation of the computationally intensive 
MI based image registration algorithm, success is viable 
only when a robust search algorithm is available at the 
coarsest level.  
 
Most of the existing optimization schemes applied to 
mutual information matching problems are local and 
require a starting point. Powell’s method [4], method of 
Jeeves [5], modified Marquardt-Levenberg procedure [6], 
and gradient based method [2,3] all belong to this 
category. Recently, a global optimization scheme called  I-
TGO has been evaluated and the results are promising [8]. 
However, They still do not guarantee that a global 
optimum will be found.  
 
An exhaustive search algorithm for optimization is robust, 
but the drawback is its extremely high computation time, 
especially when mutual information is used as the 
similarity metric. In this paper, we propose to use an 
exhaustive search algorithm based on mutual information 
similarity metric for image registration. In order to reduce 
the size of the search space, we adopt the image pyramid, 
a coarse-to-fine approach, and apply the exhaustive search 
algorithm only at the coarsest level. We use image 
partitioning together with gray level intensity binning to 
increase the reliability of this approach. A locally 
exhaustive search algorithm is also developed for the 
higher levels. Our results are encouraging in that they 
show that the exhaustive search algorithm is feasible when 
mutual information is used as the similarity metric. The 



algorithm performs fairly well and yields accurately 
registered images. 
 

2 Preliminaries 
 
In this section, we describe some basic concepts from 
information theory [9] that are employed in the rest of this 
paper. The mutual information (MI) between two random 
variables A and B is defined by 
 
 
 
 
where PA(a) and PB(b) are the marginal probability 
distributions, and PA,B(a,b) is the joint probability 
distribution. MI measures the degree of dependence of A 
on B by measuring the distance between the joint 
distribution PA,B(a,b) and the distribution associated with 
the case of complete independence PA(a)·PB(b), by means 
of the relative entropy or the Kullback-Leibler measure. 
MI is related to entropy by the equations 
 
 
 
 
 
with H(A,B) being their joint entropy , H(A), H(B) the 
entropies of A and B, and H(A|B) and H(B|A) the 
conditional entropies of A given B and of B given A, 
respectively. The definitions of these entropies are: 
 
 
 
 
 
 
 
 
To employ mutual information for image registration as a 
similarity measure, we need to utilize the concept of a two-
dimensional histogram of an image pair, the joint 
histogram. The joint histogram h of an image pair can be 
defined as a function of two variables, A, the gray level 
intensity in the first image and B, the gray level intensity in 
the second image. Its value at the coordinate (a, b) is the 
number of corresponding pairs having gray level a in the 
first image and gray level b in the second image. The joint 
probability distribution used in the calculation of MI of an 
image pair can then be obtained by normalizing the joint 
histogram of the image pair as 
 
 
 
 
where h is the joint histogram of A and B. From the joint 
probability distribution, we may obtain 
 
 
 
 
 
 

Once the joint probability distribution PA,B and the 
marginal probability distributions PA and PB are obtained, 
equation (1) can be used to calculate the mutual 
information I(A,B) of the two images A and B. The MI 
registration criterion states that the image pair is 
geometrically aligned when I(A,B) is maximal. 
 

3 The registration algorithm 
 
The exhaustive search algorithm at the coarsest level is 
shown in Figure 1. Tasks involved in the algorithm include 
construction of the image pyramid, image partitioning, 
gray level intensity binning, and smoothing. The idea here 
is to search over all possible combinations of the pose 
parameters with a suitable step size along each parameter 
direction within a specified range and choose the 
parameter set that results in the largest value of the 
similarity measure. The pose parameters for a rigid body 
transformation are the scale factor, rotation angle, x-
displacement and y-displacement, which result in a four-
dimensional mutual information array that stores the 
values evaluated. Because of the extremely large search  
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Figure 1: Block diagram of the search algorithm at 
the coarsest level 
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space involved, efforts have been made to reduce the 
search space and the computational complexity. Image 
pyramid is used to reduce the size of images and thereby 
the search space. Nearest neighbor interpolation is used to 
reduce the computational complexity. In order to make an 
exhaustive search algorithm a feasible alternative, usually 
the final size of the image at the coarsest level is kept to be 
around 30 by 30 .One price being paid here is that the 
reliability of the result is sacrificed because of the fact that 
extremely low resolution images are used. Image 
partitioning and smoothing of the final four-dimensional 
MI array is proposed to increase the reliability. Gray level 
intensity binning is used to reduce the computational 
complexity and increase the reliability. We discuss the 
details of each task involved in our algorithm in the 
following subsections. 
 

3.1 Image pyramid 
 
The first step to make an exhaustive search algorithm 
possible is to employ a coarse-to-fine strategy and apply 
the exhaustive search algorithm at the coarsest level only. 
This coarse-to-fine strategy has been used to improve the 
efficiency of many image-processing tasks [10]. Image 
registration is among them [5-7]. Existing algorithms 
include Burt’s Laplacian pyramid [11], wavelet based 
pyramid [12], cubic spline pyramid [10], and the pyramid 
obtained by down sampling the image [7]. In our 
experiments, we employed the wavelet decomposition to 
obtain an image pyramid. 
 
General 2D multiscale pyramid decomposition is 
performed using filters H (low pass) and G (high pass), 
which are quadrature mirror filters. The filtering is 
performed first by convolving the input image with H and 
G in the horizontal direction. This is followed by down 
sampling the output along the rows. Then the two resulting 
images are further processed along the vertical direction 
followed by down sampling along the columns. At the 
output, the source image at resolution K is decomposed 
into four subimages: an image at coarser resolution level 
K+1, a horizontally oriented image, a vertically oriented 
image, and a diagonally oriented image. The filtering can 
be repeated by applying the coarser resolution image as 
the input source image at the next level until the desired 
level is reached. For our application, only the coarser 
resolution subimage is needed. In this case, we can 
repeatedly apply the low pass filter H horizontally and 
vertically to obtain the whole pyramid. Figure 2 
summarizes this procedure. 
 
Once the image pyramid is obtained, the exhaustive search 
algorithm is then applied at the coarsest level of the image 
pyramid. Registration at higher levels can be performed 
with the result at the previous level serving as the initial 
condition. The selection of a specific wavelet is not 
essential at this point. Currently we are investigating the 
effect of different image pyramid schemes and the 
selection of different wavelets for the construction of the 
image pyramid. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
3.2 Joint histogram estimation  
 
The joint histogram of a given image pair is needed to 
calculate the mutual information metric as stated in 
Section 2. In many cases of interest, the transformed grid 
of one image will not fall on the grid of another image. 
Therefore, an exact joint histogram can not be obtained 
and some approximation is needed to estimate the joint 
histogram. There are two conventional ways to estimate 
the joint histogram. The first approach is to estimate the 
gray level intensity on the transformed grid of the image 
under test and then by either rounding the estimated 
intensity to the closest integer [13] or by using the Parzen 
windowing method [2,3,5,6] to estimate the joint 
histogram. The second approach uses partial volume 
distribution interpolation [4] to update the joint histogram 
for each corresponding point. This approach does not need 
to estimate the gray level intensity to determine the joint 
histogram. In our algorithm, we adopt the first approach 
and use the nearest neighbor interpolation method to 
estimate the gray level intensity at the coarsest level. 
There are two reasons for our choice of this interpolation 
method. First, because a coarse-to-fine strategy is used, 
subpixel accuracy is needed only at the finest level. 
Second, because an exhaustive search algorithm is used in 
our algorithm, it is desirable to adopt the most efficient 
interpolation scheme to reduce the computational 
complexity.  
 
3.3 Image partitioning  
 
A major difficulty of the matching problem using the 
mutual information as the criterion is the existence of local 
maxima. This problem becomes even more severe if the 
image size at the coarsest level is very low. Our 
experiments show that if the image size is small, when two 
images are aligned, the mutual information may not reach 
the global maximum. This is because the possibility of 
mutual information assuming a large level when the two 
images are not aligned increases when the sizes of images 
are reduced. One way to avoid this situation is to stop the 
image decomposition at a suitable level. In this case, the 
search space for an exhaustive search algorithm could be 
very large. In order to reduce the size of the search space, 
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it is better to decompose images to as many levels as 
possible. We have found that if we partition the images at 
the coarsest level into several blocks, and take the average 
of the mutual information measure of each corresponding 
block, then we can get rid of most of the false peaks 
(peaks that do not result in an alignment). The reason that 
this method works is that the probability that a false peak 
occurs in each corresponding block at the same time is 
small. In this manner, we can decompose an image to a 
very low resolution and thus reduce the search space. In 
our algorithm, image partitioning is specified by two 
numbers: block size and the distance between each block. 
These two numbers determine the total number of blocks. 
 

3.4. Binning 
 
Gray level intensity binning is required due to the image 
pyramid and image partitioning operations. Image 
intensity is usually represented by gray levels 0 ~ 255. 
When an image size is well below 256 by 256, it is no 
longer necessary to represent the intensity with 256 gray 
levels to be able to correctly calculate the mutual 
information. Our experiments show that for an N-by-N 
image, when N is less than 256, N gray levels are 
sufficient to calculate the mutual information. The 
simplest method to bin the gray level intensity is linear 
binning. Some other binning schemes are also available, 
such as histogram preservation [14]. In this paper, we 
apply linear binning on each corresponding block instead 
of on the whole image because of the relatively small size 
of each image block and small number of bins used.  
 

3.5 Smoothing  
 
Averaging over a (3×3×3×3) neighborhood is used to 
smooth the 4-D MI array. The purpose is to further 
eliminate some possible false peaks based on the following 
assumption. We assume that the values of the surrounding 
points of the false peaks are small while those of the true 
peak are still large. Based on this assumption, we can 
eliminate some more false peaks. 
  

3.6 Search algorithm at higher levels 
 
A locally exhaustive search algorithm is used at the finer 
resolution levels. Figure 3 shows the flow diagram of the 
algorithm. In Figure 3, i represent the current level, with 0 
being the original resolution. T is the test image, and R is 
the reference image. The search space at this level is 
assumed to be bounded by the step size used at the 
previous level in all directions centered at the previous 
result. The step sizes for scale factor and rotation angle 
used at level i are half of those used at level (i+1), while 
the step sizes for x and y displacements are kept the same. 
Notice that the actual step sizes used for x and y 
displacements are half of the step sizes used at the 
previous level because the resolution is now doubled. 
Therefore, four additional evaluations of mutual 
information are carried out in each direction and a total of 
seventeen evaluations are carried at each level. When we 
switch to the next level, we keep the same number of 

blocks, so the size of each block is doubled. The number 
of bins is also doubled accordingly. If the original size of 
the images being processed is very large, which is often 
the case for remotely sensed images, we stop the process 
of doubling the size of each block when the maximum 
number of bins (usually 256) has been reached but keep 
the same number of blocks. In other words, only half of 
the reference image is used to calculate the mutual 
information at the next finer resolution level. In this 
manner, the computational complexity can be kept the 
same when we switch to the next level. Another thing we 
want to point out is that when we reach the finest 
resolution level, we should switch the nearest neighbor 
interpolation scheme to other more accurate interpolation 
schemes, like PV interpolation, and also switch the locally 
exhaustive search algorithm to some other local 
optimization algorithm (such as Powell’s method) to 
achieve subpixel accuracy.  
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4 Registration experiment 
 
We have applied our algorithm to a pair of remotely 
sensed images. The two types of images considered are a 
RADAR image and an IRS image. The size of the IRS 
image is [11776 × 12800], and the size of the RADAR 
image is [5632 × 5632]. The gray level intensity of the 
RADAR image has been reduced to 256 levels from 65536 
levels by linear mapping. Figure 4 shows the two images 
being experimented with. The IRS image is selected to be 
the test image, denoted as T, and the RADAR image the 
reference image, denoted as R. One thing that needs to be 
noticed here is that the RADAR image is completely 
contained within the IRS image. Some parameters used in 
the experiment are: 

• lowest level reached: 8 ( level 0 is the original 
image and the size of R at level 8 is [22 × 22] )�

• block size [6×6] 
• x and y distances between each block: 4 ( total 

blocks: 25) 
• Number of bins: 4 
• Search range 

–scale: 0.5 ~ 2.0 
–rotation angle: -180 ~ 180 (degree) 
–x and y displacements:  -23 ~ 23 (pixels) 

• Step size 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

–scale: 0.1 
–rotation angle: 10 degree 
–x and y displacements: 1 pixel 

 
Figure 5 shows the registered image pairs at level 3. In 
Table 1 we present the numerical results of this 
experiment. The ground truth about the scale and rotation 
angle is provided with the data set while the ground truth 
of x and y displacements are obtained by manual 
registration. From Table 1 we can see the registration 
results are approaching the ground truth. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 1: Numerical Results 

 S R X Y 
Ground 
Truth 

1.0776 -20.284 81 -35 

Level 8 
(coarsest 

level) 

1.1 -20 192 -128 

Level 7 1.1 -20 80 -48 

Level 6 1.05 -20 80 -40 

Level 5 1.0625 -20 80 -40 

Level 4 1.075 -20 82 -38 

Level 3 1.075 -20.3125 82 -37 

Figure 4: Original IRS image and RADAR images 

(T) (R) 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
5 Conclusions 
 
In this paper, we have presented an image pyramid 
approach together with an exhaustive search algorithm to 
register a pair of remotely sensed multimodality images of 
large size based on mutual information. Results of our 
registration experiment are presented. Our algorithm needs 
to be generalized to be applicable to partially overlapped 
images. The parameters used like the block size and 
number of bins need to be determined automatically. 
However, we have demonstrated the feasibility of utilizing 
an exhaustive search algorithm to overcome the problem 
when the initial misregistration is large. 
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