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Abstract. We investigated 7 di�erent similarity measures for rigid body
registration of serial MR brain scans. To assess their accuracy we used a
set of 33 clinical 3D serial MR images, manually segmented by a radiol-
ogist to remove deformable extra-dural tissue, and also simulated brain
model data. For each measure we determined the consistency of registra-
tion transformations for both sets of segmented and unsegmented data.
The di�erence images produced by registration with and without seg-
mentation were visually inspected by two radiologists in a blinded study.
We have shown that of the measures tested, those based on joint entropy
produced the best consistency and seemed least sensitive to the presence
of extra-dural tissue. For this data the di�erence in accuracy of these
joint entropy measures, with or without brain segmentation, was within
the threshold of visually detectable change in the di�erence images.

1 Introduction

In this paper, we report the results of a systematic comparison of seven similarity
measures for serial MR registration.We assess the accuracy of the measures using
simulated MR brain images [2], and quantify consistency using images from a
clinical study [3]. We compare the performance of the measures on the clinical
data with, and without segmentation of extra-dural tissue. We interpret these
results in the context of a blinded visual assessment study.

2 Methods

Our clinical data is from �ve growth hormone de�cient adults undergoing therapy
and six normal subjects [3]. Each subject was scanned 3 times at 3 monthly
intervals. An additional normal subject was scanned twice on the same day,
for assessing observer sensitivity to synthetic misregistration. All images were
axial T1 weighted 3D spoiled gradient echo with 1x1x1.8mm voxels, including
head and brain stem. A phantom was scanned to measure scaling errors [3, 7].
The clinical images were manually scalp segmented by a radiologist to eliminate
deformable extra-dural tissue, using Analyze (Mayo Clinic, Rochester, MN, US).



Simulated MR Brain Image with Added Noise and Distortion Simu-
lated data was based on the McGill full anatomical MR brain model image [2].
Two noiseless images were used, 1 with 40% RF inhomogeneity intensity distor-
tion and 1 without. Noise in a modulus MR image is Rician distributed [4]. To
simulate Rician noise a numerical complex random variable was added to each
voxel of the noiseless (real) image and then the modulus was taken to produce
a magnitude image. The random variable was constructed from 2 Gaussian dis-
tributed ones for the real and imaginary parts. The simulated Rician noise was
parameterised by measuring the mean and standard deviation of intensities of
an artefact free region of a clinical scan corresponding to air [6].

Similarity Measures and Registration Algorithm The ideal similarity
measure would have one optimum at the point of registration. Viola states that
for images that di�er only by Gaussian noise, the �2 measure is optimal; with a
linear intensity transformation the Pearson product moment measure is optimal,
and where the intensity transformation is unknown joint entropy is likely to be
optimal [11]. Two important properties of serial MR images that e�ect simi-
larity measures are: intensity distortion (due to RF inhomogeneity and motion
artefact) and deformation of extra-cranial tissue (approximately 20% of typi-
cal brain scans). We have implemented 3 measures used by other researchers
in serial MR: (1) mean squared di�erence in intensities (chi) �2 [5]; (2) Pear-
son product-moment cross correlation (ncc) [8]; (3) ratio image uniformity (riu)
[12]. We have also implemented 4 measures proposed for other medical image
matching applications: (4) mutual information (mi) [9]; (5) normalised mutual
information (nmi) [10]; (6) entropy of the di�erence image (edi) [1]; (7) pattern
intensity, radius 1, � = 10, (pi) [13]. The measures can be put into two groups:
(a) those based on entropy: mi, nmi, edi and (b) those based on correlation:
chi, ncc, pi, riu. Our algorithm optimises the measures using a multi-resolution
strategy similar to Studholme [10].

Consistency of Two Transformations For two rigid-body transformations
T1 and T2 in homogeneous form, T2T1 is the result of �rst applying T1 then T2.
Given two transformation estimatesTa andTb, mapping points, p(i), from image
1 to image 2, the di�erence between these transformations is the mean voxel
displacement in the brain region I0, (containing N0 voxels): hdpi = 1
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Consistency of 3 Transformations ForN images there are P (N; 2) = N !
(N�2)!

possible transformations. So for 3 images there are 6 di�erent transformations
between image pairs. If we consider 3 transformations T12;T23;T31 between
image pairs (T12 transforms image 1 into image 2) then in the absence of error,
T31T23T12 is the identity I. Registration solutions, inevitably, have some error
so: T31T23T12 = I + �T, i.e. �T = I � T31T23T12 is the error (internal in-



consistency). Applying the error transformation to each voxel location, p(i), and
taking the modulus, the mean error over the image is: 1
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Registration of Clinical Data and Measurement of Consistency All
registration was rigid body (6 degrees of freedom) and 5 resolution levels. The
search interval ranged from 4mm or degrees to 0.01mm or degrees. For all 11
subjects, the �rst image (baseline) was registered to the second, the second to the
third and the third to the �rst, giving 33 transformations for unsegmented im-
ages and 33 for images where the target was segmented. A set of 66 registrations
was performed with each similarity measure. The consistency of 33 transforma-
tion estimates obtained without segmentation and 33 with segmentation was
calculated. The triangular (internal) consistency for 11 measurements with seg-
mentation and 11 without were also determined. Each consistency measurement
was expressed as the mean, RMS, and maximum brain voxel shift (�m).

Assessment of Di�erence Images from Clinical Data Three sets of di�er-
ence images, derived from di�erent groups of subjects, were used during assess-
ment: the �rst was used to train radiologists, the second to test their abilities at
detecting misregistration, and the third for assessment of misregistration di�er-
ences between data registered with or without prior segmentation. For training,
di�erence images were created with varying amounts of misregistration [3, 7]. For
testing radiologist's ability to detect misregistration the two consecutive scans
of the normal subject were used to eliminate the possibility of any anatomical
change in subject or scanner calibration. The second image was registered to the
�rst by maximising normalised mutual information [10] and transformed into
the coordinate frame of the �rst by sinc interpolation (radius 6). The �rst im-
age was then subtracted from the aligned second one to produce a di�erence
image which corresponded to no added misregistration. Ten increasing amounts
of misregistration were added synthetically by calculating successively scaled
down versions of the original 6D transformation (corresponding to mean voxel
shifts 50� 500�m in 50�m steps). Di�erence images for the clinical study were
produced by registering the second and third images to the �rst by maximising
normalised mutual information (as above). For each subject the second and third
images were then transformed into the coordinate frame of the �rst (as above)
and the �rst image was subtracted to produce two di�erence images (2� 1 and
3 � 1) from registration with segmented data and two from registration with
unsegmented data. Radiologists were trained to recognise di�erent amounts of
misregistration using the training set. Then they rated the misregistration of
each randomised di�erence image on a 7 point scale.

Registration of Simulated Data We used the noiseless brain model image
and the noiseless brain model with 40% RF inhomogeneity from McGill Uni-
versity [2] to create four image pairs: (a) 2 identical images; (b) 2 images with
added noise; (c) 1 noiseless image with RF inhomogeneity and one without; (d)
2 images with added noise 1 with, 1 without RF inhomogeneity.



Fig. 1. Axial planes through clinical images: non-segmented (left), segmented, di�er-
ence, McGill with simulated Rician noise (right)

3 Results

Three sets of results are given: (1) Consistency measurements for transformation
estimates from registration of clinical data (segmented and not segmented) for
the 7 measures. (2) Scores from radiologists' visual assessment of clinical di�er-
ence images (segmented and not segmented). (3) Consistency measurements of
the transformation estimates obtained from registration of the simulated data
with the 7 measures. All consistency measurements correspond to the mean,
RMS, and maximum voxel displacements over the segmented brain region and
are given in �m, rounded to the nearest �m.

Registration Consistency for the 7 Similarity Measures The mean /
standard deviation of 33 measurements of the mean voxel shift (�m) for regis-
tration solutions with and without segmentation of clinical data were: 122/46
(mi), 121/48 (nmi), 164/74 (ncc), 175/76 (chi), 8429/5316 (edi), 700/1503 (pi),
880/609 (riu). The smallest mean/standard deviation of 33 measurements of
the maximum voxel shift were 223/96 (mi), 222/96 (nmi). Table 1 shows aver-
aged consistency measurements for T31T23T12 with each of the 7 measures, for
segmented and unsegmented data.

Visual Assessment of Di�erence Images Assessed misregistration was cor-
related with the added misregistration. For observer A the Spearman rank cor-
relation coe�cient (�) was 0.96 for observer B, � was 0.79. Inter-observer agree-
ment was also tested and � was 0.85. These results suggest that radiologists are
sensitive to misregistration in di�erence images corresponding to a mean, RMS
and maximum voxel shift, over the brain, of: 195, 199, 299 microns respectively.
There was no perceived di�erence in perceived misregistration with and without
segmentation using the nmi measure (p=0.35).

Registration Consistency with Simulated Images Registration accuracy
was measured by comparing the transformation estimate with the identity using



6 di�erent starting estimates. The mean/standard deviation of voxel shift for the
6 starting transformations for the four image pairs was (microns): (a) less than
10/3 for all measures; (b) 127/2 (chi), 135/3 (edi), 121/2 (mi), 126/2 (ncc),
137/3 (nmi), 343/23 (pi), 416/74 (riu); (c) 8/2 (chi); 39/14 (edi); 51/1 (mi);
25/5 (ncc); 43/6 (nmi); 12/1 (pi); 30/7 (riu). There was a failure for riu which
was omitted; (d) 203/3 (chi); 253/2 (edi); 163/5 (mi); 133/2 (ncc); 194/7 (nmi);
391/26 (pi); 402/57 (riu).

Table 1. Mean (standard deviation) of 11 consistency measurements (T31T23T12).
Registration without prior segmentation (left) and with prior segmentation (right)

unsegmented data segmented data

measure mean RMS max mean RMS max

chi 91 (28) 96 (31) 165 (55) 99 (31) 104 (33) 169 (62)
edi 1757 (1148) 1780 (1198) 2160 (2072) 66 (35) 69 (36) 117 (55)
mi 88 (23) 94 (26) 168 (53) 78 (29) 82 (31) 139 (59)
ncc 87 (37) 93 (40) 168 (73) 97 (25) 101 (27) 168 (63)
nmi 86 (32) 92 (35) 162 (70) 78 (29) 81 (30) 133 (57)
pi 1565 (2204) 1690 (2391) 3348 (4809) 145 (94) 154 (100) 278 (181)
riu 1221 (553) 1276 (549) 2100 (748) 258 (92) 276 (101) 531 (224)

4 Conclusion and Discussion

Table 1 shows that 4 of the 7 measures produced transformation estimates that
were consistent to within 331 microns whether or not the data was pre-segmented
and also had the best internal consistency (T31T23T12) for non-segmented data.
For the joint entropy measures the mean of the maximum inconsistency between
registrations with and without segmentation was 223 microns. The results from
visual assessment of synthetically misregistered data indicated that the thresh-
old for detecting misregistration corresponded to a mean and maximum inconsis-
tency of about 200 and 300 microns respectively. These inconsistencies are larger
than the averaged measured mean and maximum inconsistency suggesting that
these inconsistencies are too small to be reliably detected by the visual inspec-
tion of di�erence images. For non-segmented data, there was little di�erence in
the internal consistency of transformation estimates for those measures based
on correlation (chi and ncc) and for those based on joint entropy (mi and nmi).
However, registration results with and without prior segmentation were more
self-consistent for those based on joint entropy. Results with the simulated im-
ages suggested that image noise had a signi�cant e�ect on registration accuracy.
However, the highest resolution matching was done with images at the original
resolution without any �ltering to reduce the impact of noise. It is possible that
low pass �ltering with intensity thresholding might improve performance of some
measures. Our results show that the similarity measures based on mutual infor-
mation are the most suitable for rigid body registration of serial MR images of
the head. Using our optimisation strategy we achieve registration solutions with



and without extra-dural tissue segmentation that are consistent to within the
threshold of observer discernibility (i.e. 200-300 �m). Our results apply under
the conditions of typical scalp deformations and small scale anatomical change.
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