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Abstract. We have used a twelve degrees of freedom global affine regis-
tration technique incorporating a multiresolution optimisation of mutual
information to register MR and CT images with uncertain voxel dimen-
sions and CT gantry tilt. Visual assessment indicates improved accuracy,
without loss of robustness compared to rigid body registration.

1 Introduction

This papers presents an extension of voxel similarity based registration tech-
niques to estimating global affine parameters between MR and CT images of
the head. Current surgical planning and guidance work at our site has made use
of accurate rigid registration of MR and CT images. Although estimates of ma-
chine scaling parameters are confirmed by phantom based image measurements,
inspection of some clinically registered images has indicated visually detectable
scaling differences in some cases.

Manufacturers typically claim a tolerance of around 3% in calibration accu-
racy when setting up medical imaging equipment. A discrepancy of 6mm may
therefore be experienced over a 200mm field of view, which will be unaccept-
able in many applications. In addition we sometimes obtain patient images from
other sites where such checks are not regularly applied and parameters such as
CT gantry tilt are unknown. In order to reduce additional radiation dose to the
patient, as well as costs, it is important that the need to re-scan locally is kept
to a minimum.

Image distortion in MR cannot be corrected by using scaling and skew factors
alone. In our experience, however, scaling and skew errors are often larger than
errors arising from other components of MR distortion for many clinical datasets.
The ability to automatically detect and estimate discrepancies in scaling and
skew parameters between images would therefore be a useful check to ensure
spatial integrity of the data as part of normal clinical registration protocols.

Voxel similarity based approaches [3, 5], particularly those making use of
mutual information measures between images [6, 2, 7, 4] have been shown to
provide a robust and fully automatic method of estimating rigid registration
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parameters. We demonstrate that the estimate of an affine rather than rigid
transformation can improve accuracy, without compromising robustness, and
without a prohibitive increase in computation time.

2 Method

2.1 Mutual Information and Image Registration

In this work we have used the measure of mutual information I(M ; C) as pro-
posed by Viola and Wells [6, 7] and Collignon [2]. This was evaluated from a
discrete estimate of the joint, p{m, c}, and separate, p{m} and p{c} probability
distributions, of the MR and CT intensities M and C occurring in the volume
of overlap of the two images:

I(M ; C) =
∑

m∈M

∑

n∈C

p{m, c} log
p{m, c}

p{m}p{c}
(1)

2.2 Registration Parameters and Optimisation

In order to efficiently optimise affine parameters we need to be able to equate
changes in translations, rotations, scalings and angles of skew. Global voxel sim-
ilarity measures provide a bulk measure of voxel displacement. A reasonable
choice of relationship between equivalent small changes in the parameters is one
which results in the same mean displacement of voxels in the overlap of the
images. For simplicity we assume a cuboidal volume of overlap Fx × Fy × Fz

between MR volume Vm and CT volume Vc. For translations take the step sizes
in each direction {δtx, δty, δtz} to be equal to δt. For changes in rotation, scale
and skew, we can integrate the displacements of points within the volume of
overlap to find the mean displacement which we equate to δt. This gives us,
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Fig. 1. Equivalent displacements for small changes in different affine parameters

δθz = 2 sin−1 6δtFxFy

K
, δγx = 4δt/Fx, δφx = tan−1(4δt/Fx). (2)

and equivalent formula for parameters in the other planes and where,
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and αxy = tan−1(Fy/Fx) and βxy = π/2 − αxy.
To optimise the parameters we evaluate I(M ; C) over the the set of 13 (for

rigid) or 25 (for affine) transformations T (T0). These are the current starting
estimate and the starting estimate with increments and decrements of each of
the 3 translations {δtx, δty, δtz}, 3 rotations {δθx, δθy, δθz}, 3 scaling factors
{δγx, δγy, δγz} and 3 skew angles {δφx, δφy, δφz}. We choose the best estimate
of the registration transformation T1 for the value of I such that:

T1 = min
T∈T (T0)

{I(M(Vm ∩ TVc), C(Vm ∩ TVc))} (3)

If Tn+1 6= Tn then we can repeat the search with T (Tn+1) until Tn+1 = Tn.
The step sizes can then be reduced and the search continued, the minimum
values of step size determining how close we get to the optimum transformation.
Starting with low resolution versions of the images and large step sizes, we apply
this optimisation, reducing the step size and increasing the image resolution.
Experimentally we have found this provides both computational efficiency and
robustness to starting estimate.

2.3 Test Data

Three clinically acquired image pairs were used for the tests. Firstly an MR and
CT volume covering a significant portion of the skull with slice thicknesses of
1.2mm and 2.0mm respectively. Secondly a more typical truncated CT volume
limited to an axial extent of 31mm in the skull base with corresponding full
brain volume MR. Both these images originated from scanners at another site
and contained errors in slice thickness and skew angle estimates. Thirdly a locally
acquired pair of images including a relatively large volume CT for which scanner
quality control had been performed.

Following optimisation of mutual information the results were visually in-
spected, and for patient A compared to phantom measurements. In order to
assess the precision of the estimate for patient A, randomised rigid starting
estimates were created by adding random translations (of magnitude 10 mm)
and random rotations (of magnitude of 10 degrees) to the six rigid estimates.
Optimisation was then initiated from 50 of these orientations and the results
recorded.

3 Results

Table 1 shows transformation estimates following optimisation of rigid and affine
parameters. The right of figure 2 shows example slices through the MR volume
for patient A illustrating the improvement provided by registration including
scale estimates. It is interesting to note that when scaling is not included the
rigid registration is biased toward better alignment around the skull base. This
is presumably because of the larger amount of registration information available
in this region. The left of figure 2 shows (a) the poor rigid estimate for patient B
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Registration Parameter Estimates

Patient A Patient B Patient C
Parameter Rigid Affine Rigid Affine Rigid Affine

txmm -2.83 (0.13) -2.83 (0.26) -1.70 -1.32 8.71 8.53
tymm -2.50 (0.59) -2.71 (0.09) 9.30 9.82 32.83 32.65
tzmm -26.34 (0.20) -26.34(0.10) -45.8 -45.0 -0.24 0.08

θ◦

x 1.09 (0.32) 2.09 (0.31) 38.6 38.24 24.41 24.08
θ◦

y -2.38 (0.33) -1.59 (0.31) -0.88 -1.0 -6.29 -6.15
θ◦

z 0.00 (0.18) 0.00 (0.24) 5.05 5.17 -0.65 -1.23
γx 1.00 1.00 (0.0014) 1.00 1.00 1.00 0.99
γy 1.00 0.98 (0.0026) 1.00 0.99 1.00 1.00
γz 1.00 1.06 (0.0069) 1.00 1.65 1.00 0.96
φ◦

x 0.00 0.00 (0.11) 0.00 0.23 0.00 0.51
φ◦

y 0.00 0.71 (0.43) 0.00 -0.04 0.00 -0.11
φ◦

z 0.00 1.71 (0.27) 0.00 -8.0 0.00 -0.74

Table 1. Comparison of registration estimates for Patient A, B and C following
optimisation of rigid parameters, and all affine parameters.

using the supplied scaling and gantry tilt angles, and (b) the significant improve-
ment provided by a full affine parameter optimisation. In order to investigate
the origin of the scaling error for patient A, an MR and CT visible point land-
mark phantom was imaged in the scanners using the same protocols. Distances
between points in the images could then be measured by interactive location of
the centres of markers. Equivalent distances on the phantom were measured and
indicated a seven percent reduction between the phantom and its CT image in
the axial direction. This figure was later confirmed as a calibration error in the
bed speed for spiral acquisitions.

The figures in brackets in table 1 show the standard deviations of final param-
eter estimates from 50 randomised starts around the first estimate. The standard
deviation of the registration parameters is small for both the rigid and affine so-
lutions and no significant increase is noted when the number of parameters is
increased, with in one case (ty) an appreciable decrease.

4 Discussion

We have shown experimentally that when extending the transformation estimate
to 12 parameters, the robustness to starting estimate, robustness to limited field
of view, and the precision of the final results are maintained. Typical execution
times are increased from 10 to 24 minutes on a Sparc Station 20/61 for dataset
C covering a large volume of the head. Where computing time needs to be
minimised and some parameters are known accurately, the dimensionality of the
search space can be reduced appropriately.

Given two images we can only estimate the discrepancy in scaling and skew
estimates between the images, we do not know which has the correct dimensions,
so we cannot rely on this approach to replace routine quality assurance proce-
dures. This is particularly important when the images are to be registered to the
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Fig. 2. Sagittal slices through the MR volumes for patient A (left) and patient B
(right) with the CT bone boundary, obtained by intensity threshold, overlaid in
white showing (top) rigid transformation estimate, and (bottom) affine estimate

patient in surgery. However we have found that this approach is very useful in
highlighting discrepancies in clinical data that merit further investigation. This
is particularly true when combining MR with CT acquired in the skull base,
where limited axial extent leads to difficulties in visually distinguishing small
errors in skew or scale factors from rigid alignment errors.

Most concern has been expressed about MR image integrity, because of the
process by which scaling is determined in MR and because patient induced dis-
tortion can affect image quality [1]. In two of the three examples given in this
paper subsequent investigation demonstrated that the major source of the error
was in the CT acquisition. In one case a hardware maladjustment in bed move-
ment led to a 7 percent error in axial scaling during a helical scan sequence,
while in the other an incorrect slice interval was provided in the image header
information. We have not found any significant errors in transaxial scaling in
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CT data.
One of the risks of using fully automated image registration techniques, is

that the operator will fail to spot deficiencies in the data, and that the resulting
incorrectly registered images will be used inappropriately for diagnosis, treat-
ment planning or image guided surgery. MR distortion, and artifacts caused by
patient motion may still lead to significant errors in some cases. Further work is
underway using phantoms to provide a better assessment of the accuracy of skew
and scaling estimates provided by the approach. Additional degrees of freedom
could be added to the registration algorithm to make it possible to automat-
ically detect, and perhaps even correct, significant MR distortion, or the slice
alignment errors that arise when a patient moves between slices in a CT, or 2D
multi-slice MR acquisition.
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