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Abstract misation of mutual information, which can be derived from
the joint and separate probability distributions of image in-
The information theoretic measure of mutual informa- tensities, contains no information on either the spatial distri-
tion has been successfully applied to multi-modality med- bution of intensities or the connectivity of uniform regions.
ical image registration for several applications. There re-
main however, modality combinations for which mutual in-  In principle a complete segmentation of the MR image,
formation derived from the occurrence of image intensities in which each distinguishable anatomical structure has a
alone does not provide a distinct optimum at true registra- unique label, could be registered by maximising mutual in-
tion. We propose an extension of the technique through theformation between the labelled image and the lower con-
use of an additional information channel supplying region trast, lower resolution image. In practice fully automated,
labelling information. These labels, which can specify sim- complete and accurate regional labelling is impossible in
ple regional connectivity or express higher level anatomi- anatomically complex and noisy images. Itis dif®cultto en-
cal knowledge, can be derived from the images being reg-sure connectivity of regions of the same anatomical struc-
istered. We show how the mutual information measure canture or tissue type while maintaining separation of regions
be extended to include an additional channel of region la- corresponding to different structures or tissue types. In par-
belling, and demonstrate the effectiveness of this techniqudicular the identi®cation of truly corresponding anatomical
for the registration of MR and PET images of the pelvis. ~ boundaries in different modalities is non-trivial.

Keywords: Automated Image Registration, Voxel Similar- ~ In previous work mutual information between two chan-
ity Measures, Region Labelling, Mutual Information. nels, derived from the intensities in a each modality, has
been maximised to achieve registration. We propose the in-
troduction of further channels containing information in the
form of labelling of distinct regions within the images. An
additional channel of region labels allows differentiation of
It has been shown that optimisation of voxel similarity unconnected regions of similar intensity within an image.
based registration measures [5], in particular that of mutual
information [8, 1, 4], provides a robust approach to the reg-  In this paper we introduce a formalism for a similarity
istration of brain images acquired with MR and PET, or MR measure enabling the inclusion of coarse labelling of regions
and CT. within the high resolution, high contrast image. An infor-
Experimentally we have found problems can occur when mation theoretic approach enables the original image and
using mutual information to align other modality combina- region labelling to be combined in the registration process
tions or images acquired in other regions of the body. In making use of information provided by both. We discuss
some cases this may be due to a of a lack in differentia-how a simple region labelling process introduces additional
tion between spatially unconnected regions in one modalityinformation into the registration process. The behaviour of
which are connected in the other modality. This is a particu- the approach is demonstrated in the registration of MR and
lar problem when the two images are truncated or when thePET images of the pelvis, conventionally dif®cult to regis-
corresponding structures in the images essential in de®ninger, by the addition of a coarsely labelled anatomical map de-
the registration are signi®cantly perturbed by noise. Opti-rived from the MR image.

1 Introduction
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2 Mutual Information 2.2 Three Images

2.1 Two Images Inour application we introduge further_infor_mation inthe
form of a labelling of image prior to registration, by cre-
. . . . . ating a third imagewith labels . Thisis shown graph-
Given a pair of images to register and a transformation jca|1y in ®gure 2. The measure of mutual information can be
mapping one set of voxels onto the other, we can ®nd for cor-gjrectly extended for this case as the difference between the
responding voxels, the intensities inimage ,and  sum of the information in the three images separately, and
intensities in a lower contrast, lower resolution im-  the information in the combined image:

age . Inthe example considered in this papelis an MR
image of the pelvis and is a nuclear medicine PET image.
Thesets and therefore depend on the rigid body trans-

formation between the images. We can calculate the proba- Images and areinherently registered and we are inter-
bility of occurrence of individual intensities ~ fromthe  ested in the information shared between the PET image and

image , and intensities from the image , and also these images which is illustrated by the set representation in
the probabilities of corresponding intensity pairs . ®gure 3.

The mutual information measure is derived from a statis- ~ This can be written algebraically as:
tical analysis of a communication channel, and is a measure 4)
of corresponding or mutual information between the trans- The entropi be derived

. ; ) . ) pies can be derive
m'tted and received S|g_nals [3]. This measure 15 _altema'from the probability of occurrence of intensities and
tively referred to as relative entropy or transinformationand 54 jabels -
makes no assumption about the functional form of the chan-
nel. Mutual information has been proposed independently B (5)
for various medical image registration applications by Col-
lignon et al [1] and Viola and Wells [7] [8]. The mutual in-
formation between an image with intensity and an im-
age with intensity de®ned from the 2D probability dis-
tribution is: — (M

®)

— (6)

and substituted into equation 4 giving:

(1)

This can be expressed in terms of the information present
in image , the image , and the combined
image

(2)

In other words by maximising mutual information we Given that and
minimise the information in the combined image with re- ,
spect to that present in the two component images. If there
are any shared features in the two images, at misregistration
they are duplicated in the combined image. This duplication
of features results in an excess of information in the com-
bined image with respect to that provided by the two images —
separately. The relationship between the information pro-
vided by the images can be illustrated in a set theory form
as shown in ®gure 1. The sets on the left illustrate the en-
tropies of the two images separately. The central diagram
represents the joint entropy of the combined image when a  this can be rearranged to give a simpler form:
transformation maps the intensities of one onto the intensi-
ties of the other. The right hand ®gure shows that the mu- )
tual information is the replicated information from the two
images.
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I(M;N)

A

Figure 1. A set theory representation of the entropies invol ved when combining two images

I(M;L;N)

Figure 2. A set theory representation of the entropies invol ved when combining three images

2.3 Information and Region Labelling In addition the joint entropy between the image and its
thresholded version is given by,

In order to illustrate how extra regional information is
being introduced we consider a simple region extraction
process. This may consist of a thresholding to distinguish
boundaries of interest, followed by a connected componentyhich can be re-written in terms of the occurrence of the
labelling of the identi®ed regions as illustrated in ®gure 4. griginal intensities only,

Thresholding is effectively combining intensities (symbols)
in the image, producing only a subset of the information in
the original image. If a binary threshold is used then the im-

(14)

age is being reduced to two symbols where,
if there are intensities in the original image and is the (19)
threshold intensity so,
) giving . Using this, the mutual informa-
(10) tion between the image and its threshold,

16
The information contained in this thresholded image is then 19
given by, becomes simply , 1.e. the information in
the thresholded image is simply a subset of that pro-
(11) vided by the original image
Labelling unconnected regions differently, effectively re-

) o ] ] partitions the threshold labels and conversely can only main-
Using the additivity property of information measures (see tain or increase the number of symbols (intensities or labels)
Reza[3], page 84) it can be shown that the information con- presentin the image. Applying the additivity property again,
tent of a set of symbols cannot be decreased when symbolghis myst always maintain or increase the amount of infor-
are partitioned so, mation so that, if the threshold labelis being divided up
into unconnected regions ,

12)
: . . 17)
From this we can say that the information content of the
thresholded image is always less than or equal to that in the If is simply a repartitioning of
original image, (i.e. no regions with the same intensity are spatially uncon-
(13) nected) then and so
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Figure 3. A set theory representation of the entropies invol
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ved when combining two images with a
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Figure 4. Simple image region labelling consisting of thres

belling.

. If though, the image contains cases where an in-

tensity is partitioned into more than one labéhen,
(18)

and similarly , So from ®gure 3,
(19)

By introducing connected region labelling information
we can only maintain or increase the mutual information in
the registration process. What we would like is a labelling
for which is minimised (there are no duplicated
features in the labelling and the image) and is max-
imised (there is optimum additional shared information with
the other modality).

2.4 One Dimensional Example

These concepts can be illustrated with the following
simple example.

Consider the registration of two one-

holding and connected component la-

dimensional signals and shown in ®gure 5. The dis-
tance and are equal and the dotted line on the
lower ®gure shows the correct registration solution. The
task is to register the two functions by maximising mutual
information. In this simple example registration is by lateral
translation only. Let the overall length corresponding to in-
tensites and in  equal and respec-
tively. Letthe length () corresponding to intensity in

equal . In addition we assume that the signalis
truncated as shown, that the signahas suf®cient extent to
cover the whole of for all possible registrations and that
the registration solution is constrained so that must lie
within the ®eld of view of

The joint probability distribution is shown on ®gure 6 at
registration. The intensity of each peak is proportional to
the values of x indicated on the plot. This distribution and
hence the measure of mutual information is identical to that
which would occur if the feature in  were to overlay
any position within in . The maximum of mutual
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Figure 5. The registration of one dimensional signal to with additional labelling of into

information is degenerate. In practice for an image with the cancer. The PET FDG image of the pelvis was relatively
addition of noise and other imaging artifacts there may well low resolution, sampled with slices of

be an erroneous maximum of mutual information registering
regions with similar intensities to those of the correct solu-

tion but corresponding to unrelated anatomical structures.
Now consider the addition of labelsand as shown on
®gure 5. The partition, , by the boundary between and

is arbitrarily locatedon . The lengths of intensity
and inregionlabel are and respec-
tively and in region label , respectively.

The joint probability distributions at registration are shown
in the upper half of ®gure 7 and at misregistration with
overlaying in the lower half of ®gure 5. At registra-

pixels with a spatial resolution of around

F.W.H.M. Regions of uptake usually take the form of
small high contrast points in the image.FDG also pro-
vides a weak differentiation between intra-abdominal tis-
sues and fat and air but this is of low contrast and is in"u-
enced heavily by reconstruction artifacts and noise. Due to
the different bed shapes in the the scanners this can also be
non-rigidly deformed. The main source of anatomical infor-
mation shared with MR is provided byF which is added
as an additional tracer to identify bone structure. These
bone landmarks are of greater contrast than the FDG tissue

tion there are only 4 peaks with intensities proportional to boundary but are still noticeably affected by reconstruction
the lengths indicated while at misregistration there are 5. A artifact and noise. Example axial and reformatted coronal
few lines of algebra con®rm that the mutual information of slices from the PET image used in the test are shown in ®g-

the correctly registered functions is now higher than the in-

correctly registered functions.

This result holds for all positions of in . We can
therefore consider the partitionintoand as a coarse seg-
mentation of the two regions.

3 Method
3.1 Image Data

A clinically acquired MR-PET image pair of the pelvis

ure 8.

The MR data set was a clinically acquired weighted
image consisting of slices of pixels of
size as shown in ®gure 8. The MR image
is of a much higher spatial resolution and contrast, showing
many anatomical features. Many of these features, includ-
ing marrow and fat, have a similar MR intensity with this
sequence, as shown in ®gure 8.

3.2 Estimate of Registration

The image pair was registered by an experienced clini-

was used for the registration tests. Clinically the images cian interactively locating corresponding anatomical bone
were acquired for the localisation and staging of cervical landmarks to provide a visually acceptable registration [9].
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Figure 6. The two dimensional probability distribution of and atregistration showing the relative
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Figure 7. Slices through the three dimensional probability distribution of (horizontal) and (ver-

tical) and labels ( leftand  right) for registered (top) and unregistered (bottom) sign als.

Due to the nature of the images the misregistrations be- Air
tween the modalities generally takes the form of large scale
translational differences particularly along the length of the Fat

patient. Inspection of a range of manually estimated regis-
tration parameters for a number of datasets indicated typical
misregistrations up to in translations along this axis. Non-Fatty Intra-abdominal tissue

Automated registration was attempted for the image pair
shown in ®gure 8 by multi-resolution optimisation of mu- This was carried out using an interactive intensity based re-
tual information as described in [4]. This pro- giongrowing algorithmto produce a thirdimage with voxels
duced a poor estimate of the rigid registration parametersset to one of four values. Figure 9 illustrates a slice from the
with a Z axis (along patient) translational error of greater labelled volume.
than

Bone Marrow

3.4 Evaluation of
3.3 Region Labelling
The MR image was ®rst re-sampled at the same resolu-
The MR image was labelled interactively into four cate- tion as the PET image. Linear interpolation was used to in-
gories: crease axial sampling. A Gaussian kernel was used to blur
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Figure 8. Example manually registered axial (top) and refor matted coronal (bottom) slices through
an MR volume (left) and PET volume (right), illustrating the different representation of bone and fat
in the two modalities.

the MR to give a similar spatial resolution to the PET. Fora A multi-resolution optimisation of was car-
givenrigid transformation all voxelsin the region of over-  ried out from a starting orientation de®ned by the scanner
lap of the two images were used to evaluate . The acquisitions, with the centres of the MR and PET volume
MR was used as the reference image @nd correspond-  aligned. The ®nal transformation estimates are shown in ta-
ing PET () intensity was estimated using tri-linear inten- ble 1 along with those for optimisation of and the

sity interpolation. MR and PET intensities were binned into manual estimate. The axes are as follows from patient
64 levels each and four bins were used for the labels in leftto right, is from patient front to back andis from pa-

to form a discrete distribution. Estimates of and tienttop to bottom. Registration by evaluation and optimisa-
were then evaluated from this distribution us- tion of derived from intensity only resulted in a vi-
ing equations 4 and 8 respectively. sually poor registration. Multi-start of the optimisation and
initialisation of the optimisation from the manual estimate
con®rmed that was providing an incorrect global
4 Results b g 9

optimum corresponding to the alignment of bone features in
PET with intra-abdominal fat. This resulted in both a large

Figure 10 shows a plot of axis displacement from the  axis displacement and a rotation around theis.
manual estimate of mutual information derived from only

intensity, and of mutual information including labelling. The manual estimate and the ®nal estimate using the la-
The lower plot of shows both a poor repose to mis- belling approach are within the expected accu-
alignment and an optimum appreciably displaced from the racy of the manual registration procedure given the resolu-
manual estimate. The addition of labelling into the measuretion of the original images. Interactive visual inspection of
increases the overall mutual information for all the results using colour overlay of PET intensity onto grey
displacements produces distinct optimum close to the mandevel MR in three orthogonal planes con®rmed that the two
ual estimate. results were visually comparable. Further work needs to be
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Figure 9. Example slice from MR volume (left) with labels (ri ght).

done in assessing ®nal accuracy. combine regions of different intensity. This may be useful
in reducing the in"uence of certain tissue boundaries which
Method Trarislation| (mm) Rofation (deg.) may have deformed between acquisitions.
Manual -6.0 345 39.00 25 0.0 -20 . .
43 343 156 24 30 02 This approach is an example of a case where pre-
79 341 37139 00 00 segmentation of images can provide additional information
to help in the registration process. Alternatively it is also
Table 1. Rigid transformation parameters es- possible to use the information provided by the process of
timated for the test image pair registration to assist in segmentation or classi®cation.

We have introduced a new type of voxel similarity ap-
proach that makes use of voxel label information as well as
5 Discussion and Conclusion the original image intensities. Coarse segmentation of the
higher resolution image is necessary to provide the label in-

In our test example we have interactively labelled voxel formation. Unlike a surface matching approach, eg: [2], this
values to provide additional information in the registration technique does not require identi®cation of corresponding
measure. By using an information theoretic approach which bou_ndanes fro_m both mod_alltles, and we believe our |_nfor-
includes these labels the segmentation need not be idedhation theoretic approachis more robustto segmentation er-
allowing the possibility of using an automated labelling 0rS- Vanden Elsen etal [6] used an approachto MR and CT
scheme. Segmentation schemes distinguishing strongly bef€distration, in which an intensity mapping technique was
tween unconnected regions are favoured. Work is under-used to make CTimages #look°like MR images, prior to us-
way in looking at how such schemes can be integrated intolNd Cross correlation for registration. Intensity re-mapping
the registration process. In particular our current multi- i this way is only possible because of the simple relation-
resolution approach to optimising mutual information could SNiP between tissue and intensity found in CT. The approach

be extended to include a multi-resolution region extraction W€ Propose here is more general, and preserves the origi-
stage. nal image intensities throughout. A possible interpretation

of our technique is that the original intensity information is

belling can be corrupted before the the ®nal accuracy (|Oca_used for the accurate registration, and the labelling provides
coarse scale information that removes unwanted optima far

tion of the global optimum) is affected. The effect of typical :
errors produced by automated labelling schemes on the regffom the correct solution.
istration measure for a range of clinical images needs to be
determined. We have demonstrated this technique for the registration
In our simple 1D example and on the clinical test im- of MR and PET images of the pelvis, which could not be
age we have supplied labelling information to differentiate registered using the standard mutual information approach.
regions of similar intensity which are distinguished in the The registration solution was close to that produced using
other modality. Given a higher level knowledge about the interactively identi®ed point landmarks and produced a vi-
regions it maybe be possible to use the same approach tsually acceptable result.

Further work is required to assess the extent to which la-
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Figure 10. Graph of and with respect to axial (z) translation ( is the manual
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