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Abstract. Image registration is an important tool for clinical diagnosis and

treatment. Its objective is to find a geometrical transformation that allows the precise

alignment of two different images of the same anatomical scene so that their

information can be mutually enriched. The image registration method reported in

this paper establishes a correspondence between regions in the images based on their

form. The registration starts with a rigid alignment using affine transformations
followed by a non-rigid transformation based on a thin-plate spline. We registered

two MRI thoracic studies of a rabbit, and a set of MRI, PET and SPECT studies of a

human brain. Experimental results were evaluated using Mutual Information as
similarity criterion.
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1 Introduction

Medical image registration is needed to compare or to integrate the information of
different images of the same anatomical scene. The images can present variations due to

changes in patient position, acquisition times, nature or calibration of the sensors (MR,

PET, etc.), anatomical functioning (breathing, digestion, etc.), evolution of pathologies, or

even because they were taken from different patients.
Image registration is the process of aligning two images, transforming one of them

(floating image), to maximize its similarity with respect to the other (reference image), so

that they can be related, compared and their information complemented.

Since registered images have a common reference frame, it becomes easier to monitor

subtle changes in size or intensity in anatomical structures. Other applications of image

registration are: To complement the information of multimodal images, to monitor

anatomical changes through time or though medical treatment, to identify lesions, to make

3D reconstructions, for use in computer assisted surgery or even in statistical studies [5].
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In fact, image registration has become an invaluable resource in biomedical research,

particularly in neurosciences, where multimodal imaging has substantially contributed to
the study of brain functioning [2].

Many image registration methods can be found in literature, with techniques varying,

depending on the application and image type [1], from surface analysis [10,14], to
evolutive computing [11,12] and neural networks [9]. The most popular methods are those

based on measures of similarity [3,4,5,6], on geometrical features [7,8], and on domain
transformations [13, 14, 15].

In this paper we present a non-rigid registration method based on geometrical features,

particularly forms, that can register single and multimodal images with good precision.
We show our results on two MRI axial studies of a rabbit's thorax (Fig. 1) as well as on a

set of axial multimodal studies of a human brain. To evaluate our registration results we

used the Mutual Information [16,17] of the images based on Shannon’s entropy, before
and after registration to measure the increase in image similarity. The results are presented

in compact form using confidence intervals [20].

2 Method

The method reported in this paper uses a correspondence between the forms of regions in

the images. The method transforms the forms of  the regions in the floating image to adjust
them to the forms of the regions in the reference image. The method consists of four

stages: Preprocessing, feature extraction, preliminary rigid registration and non-rigid
registration.

2.1 Preprocessing

Given the amount of noise present in the medical images that were used in the

experiments, it was necessary to improve their quality before undergoing registration.
Preprocessing of the images consisted of contrast enhancement, noise removal and edge
detection. The algorithms used are described in [18]. The images shown in this paper have
all been preprocessed.

2.2 Feature Extraction

After preprocessing, the method extracts the features that are common to the two images
to be registered, so that a common coordinate frame can be established for both of them.

The features used by the method are the exterior contour of the patient, the anatomical
center and the main direction of the images (Fig. 1).
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Exterior contour. To find the exterior contour of the images, these are first binarized to

identify the coordinates of the foreground pixels with value I(x,y)=1. From these pixels
we obtain the convex hull [32] using Graham's scanning algorithm [31]. The convex hull
can present discontinuities, so it was necessary to complete the information of the contour

represented by the convex hull using interpolation. We tried two different interpolation
methods:

Splines: All the pixels of the convex hull were interpolated with a natural spline [33].
Nearest Neighbors: Although the convex hull is a closed form, sometimes consecutive

pixels over it lie far away from each other in pixel space. This is the case of pixels over
the convex hull that border concave sections of the contour, since such concave sections

are far away from the convex hull. To better define the contour over such sections we

drew an imaginary line over the distant (but consecutive) pixels of the convex hull and
looked for the pixels of the binary image whose perpendicular distance to the imaginary
line was shortest. Just a few additional pixels need to be found in this way, since then a
new spline interpolation can be conducted over the pixels to complete the contour
information.

Both methods are used distinctively depending on the concavity of each section of the

contour: if the section is convex, interpolation with splines is used, if the section is

concave we used a nearest neighbor search.

Anatomical center. Once the exterior contour is found, the anatomical center is

calculated as the weighted average (ex, ey) of the coordinates of the contour.

Principal direction. By finding the principal direction of the reference and floating
images, a common orientation can be calculated for them. Depending on the images, the

methods to find the principal direction can vary considerably, from determining the
longest axis of the image contours, to looking for specific patterns in the represented
anatomy. Finding a common orientation for two very different images can be prone to

errors, and in the worst case, when the direction cannot be determined automatically, the
images can be annotated, or the principal direction determined interactively by a variety

of methods [9], until the optimal direction is found when the Mutual Information of the

registered images is maximized.
In our method, the longest axis of the contour was used as the principal direction of the

reference images. However, due to the circularity of the floating images and to their high

noise content, it was necessary to annotate them manually by clicking on the position of

the rabbit's vertebrae in every image. The principal direction was then established as the

vector passing through the anatomical center of the images and through the position of the

vertebrae.

2.3 Preliminary Rigid Registration

Rigid registration is a necessary step to align the images based on their anatomical center

and principal direction. Rigid registration gives both images a common anatomical center

and a common principal direction as seen in Fig. 1, and it avoids unnecessary processing
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during non-rigid registration [1]. Rigid registration is carried out using a translation and a

rotation matrix [21].

2.4 Non-rigid Registration

For the non-rigid registration, a correspondence relationship has to be established
between the points that form the contour of the reference image Fr, and the points that

form the contour of the floating image FF. There are various ways of establishing a
correspondence between the points of the two contours. A simple one consists of
associating every point along the reference contour with another point along the floating

contour following a given criteria. We use this approach as follows: Let p, be a point of FR
and e the common anatomical center of both images after rigid registration. Let 1, be the

line that passes through e and p, with equation: y = mx + b.

a)
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Fig. 1. (a) Reference image after rigid alignment. (b) Floating image after rigid alignment.

To determine the exact point q, on Fr that corresponds to p, we look for the intersection
of 1 and FF (Fig. 3). We find the exact intersection point p, using a line-line intersection
strategy. The first line is I and the second line is the line formed by two consecutive
points (xy) (*y) over Fr that intersects l, at a point (x,y) lying along the path

between (x yi) and (X+1, У1). Since we are dealing with discrete images, it is possible
that q does not exactly belong to the finite set of points in Fr, in which case an
interpolation is necessary.

Thin-plate-spline Deformation. Thin-plate splines [22] are bivariate interpolation
functions based on physical principles that can be used to interpolate an arbitrary set of
coordinates (x,yf(x,y)). These splines are a generalization of the natural cubic spline for
one dimension. They represent the minimal deformation that allows the coordinates of a
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metal sheet (xy,) to adjust themselves to the new set of coordinate values (x,, y,') that is
specified by the correspondence of contours. The idea is to model the floating image as a

metal sheet, and make the contour points in it adjust themselves exactly to their
corresponding points on the contour of the reference image. The rest of the pixel values

f(xy) in the floating image are interpolated to adjust them to the new coordinate values
specified by the correspondence. We must then find the function f(x,y) that minimizes:(((

dxdy

(1)
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Fig. 2. (a) Method used to determine the correspondence of points in both contours. The anatomical center is

represented by the middle X. The circles along the inner contour are the points that form the reference contour,

the X's on the exterior contour are the points that form the floating contour. To find the points over the floating
contour that correspond to the points on the reference contour, a ray-line is traced from the common center that

passes through each point in the reference contour and intersects the floating contour. The exact intersection

point is found using a line-line intersection algorithm. The circle points along both contours are then associated

and will determine the deformation that the floating image will undergo. b) The correspondence method between

both contours is illustrated in two MR images of  the rabbit.

commonly known as the energy deformation function of the thin-plate spline. This

function is minimized through the solution of a system of linear equations:

where:

f(x,y)= ao +ax+a,y+@U{x-x;,y-y|)
i=1

U(t)=r²log(r)

(2)

(3)

is the well known fundamental solution to the bi-harmonic equation AU = 0, that

satisfies the condition of minimum energy deformation, || indicates the length of a vector,

and the coefficients ao, a, ay, and w, are determined by the requirements of an exact

interpolation, such that by the proper choice of w;, f(x,y) maps the intensities of  the pixels
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in the floating image from their original coordinate space to the coordinate space specified
by the correspondence of both images. Thin-plate splines provide a soft interpolation for
derivatives of any order, they do not require manual specification of parameters, they
offer a closed solution and a physical explanation of their energy function. By applying
the thin-plate spline deformation to the floating image, we assign the intensity values of

the pixels on its exterior contour, to the corresponding pixels on the exterior contour of
the reference image, carrying out a bivariate interpolation of all the other pixel values on

the floating image and applying them to their new positions on the reference image, to
obtain the desired registered image as shown in Fig. 3.

3 Experimental Results

We acquired two MR studies, each of 20 images of the thoracic region of a rabbit. The
first study was taken with the rabbit placed free in the scanner and using the full magnet

that is used to take studies of adult patients. The second study was taken with the rabbit

inside a smaller magnet usually used to take images of a hand or foot. The images had a

resolution of 512 x 512 and a spatial separation of less than a centimeter. The images of

the first study were established as reference images (Fig. 1a), and the images of the
second study were the floating images (Fig.1b).

In an attempt to obtain a quantitative evaluation of the registration results, we used

Mutual Information as a similarity measure of the registered images [23-30]. Statistically,
Mutual Information can be interpreted as the dependency measure between two sub

experiments X and Y, having two sampling subspaces S and Sy.

Sy = 1,323 J3... }

sooster
Boe

(4)

Fig. 3. Registered images.

With p(x) and p(y) the probabilities of events x, and y, respectively. To evaluate the
similarity between the reference and the floating images, we consider the reference image,
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sub experiment X, and the floating image, sub experiment Y, and we define the sampling
subspaces as the possible intensity values of the pixels in the images. Mutual information
is defined as:

I(X;Y)= H(Y)-H(Y|x( (5)
=H(X)+H(Y)-H(X,Y)あな

Sens, boad.i=l j=l

P(x1)

p(x)p(y)

where H(Y) is Shannon's entropy[17] of Y, H(Y|X) is the entropy of Y given X, and
H(X, Y) is the joint entropy of X and Y.

When the images have minimum similarity, that is, when they are independent events,

the mutual information between Ir and Ip (reference and floating images) is minimal, and

when the images are completely dependent from each other, their mutual information is
maximal.

We present here the results of measuring the mutual information between pairs of
images in terms of 95% confidence intervals using the t-Student distribution [20] for three

cases: OMI (original mutual information of the images before registration) as I(IR;IF),
RMI (mutual information after registration) as I(Ig; g), and MMI (maximal mutual

information H(IR). Note that MMI implies that both images are the same, meaning they
have no complimentary information, which is a non-desired outcome and is shown here

just for comparison. The results obtained are shown in Table 1 where it can be seen that,
for 95 out a 100 registered images, their mutual information increased from 0.0406 to

0.2519, and from 0.0546 to 0.2893, that is a 5-fold increase.

Tabla 1. 95% Confidence Intervals

Measurement

I(IR,IF)
I(IRIT)
H(IR)

Confidence Interval

P(0.0406≤OMIS0.0546)=0.95
P(0.2519SRMI≤0.2893)=0.95

P(0.9628≤MMIS1.1370)=0.95

Although the conventional notation is to express confidence intervals in terms of

probabilities, the correct interpretation is that if an experiment were realized once and
again, in 95% of times, the value of mutual information would be between the limits of

the confidence interval for each case.

4 Analysis

Most image registration methods propose iterative searches throughout the method to
obtain the best registration parameters. In the method used in this paper, the parameters to

use are only those of the preprocessing stage plus the principal direction of the images.

The required preprocessing parameters are the size of the averaging filters, the degree of
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membership in the fuzzy logic algorithms, the noise removal and binarization threshold

values. The direction of the images can vary from 0° to 360°, and, if impossible to

determine automatically, it can be found through an iterated search where the direction

angle is varied in the floating image, until the best registration is achieved.
The variability of the parameters to achieve the best possible registration depends

largely on the amount of noise present in the images. Proof of this are the reference

images which are almost noise free and where the parameters were never changed, and

even if they were slightly modified, the results showed almost no variation. On the other

hand, for some of the very noisy floating images only a small set of parameter values
resulted in adequate registrations. These successful parameter values were determined

iteratively looking for registration results that provided the largest increase in mutual

information. Noise also makes the process of determining the direction of the images,

prone to error. And even the process of iteratively looking for parameter values can be
contaminated, especially since the mutual information criterion is not infallible.

a) b) c) d) e)

Fig. 4. (a) MR reference image, (b-e) MR, MR, PET, SPECT floating images

We wanted to further test the flexibility of the reported method and its applicability to
other types of medical images, so we did an experiment on brain axial images. We
downloaded 5 multimodal brain studies (Fig.4): three MRIs, one SPECT and a PET. The

results of  this image registration experiment are shown in Fig. 5.

Fig. 5. Registered images.

5 Conclusions

Experimental results show that the non-rigid registration method reported in this paper
can achieve high precision results while maintaining flexibility of application. As in all

image-processing tasks, noise is a big issue. The success of the image registration method
largely depends on the success with which noise is removed from the images. Noise is the
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main cause for parameters being manually or iteratively adjusted. Besides noise,

determining the principal direction of the images was the biggest challenge, and if some a-

priori information can be used to precisely determine it without manual intervention, then

the method becomes a good candidate for real time unsupervised registration.
Mutual information is a measure of similarity that, while not infallible, offers a  solid

similarity measure that allows the user to choose the best registration results especially
when parameters must be determined iteratively.
Many areas in image processing can complement the results of image registration.

Some examples are automatic image segmentation and classification, whose results can
then lead to very precise registrations [1]. Our future work is focused on adding more
specialized image processing tasks to the registration pipeline to increase its precision,
flexibility and applicability.
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