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Abstract

This paper describes a robust algorithm for reliable ideal Midsagittal Plane ex-
traction (iMSP) from 3D neuroimages. The algorithm makes no assumptions about
initial orientation of a given 3D brain image and works reliably on neuroimages of
normal brains as well as brains with significant pathologies. Presented technique is
truly three-dimensional since we treat each neuroimage as a three-dimensional volume
rather than a set of two-dimensional slices. We use an edge-based approach which em-
ploys cross-correlation to extract iMSP. This work also includes quantitative evaluation
of the performance of the proposed algorithm when applied to a wide variety of real
neuroimages. We find that our algorithm is able to extract iMSP from neuroimages
with arbitrary initial orientations, large asymmetries, and low signal to noise ratio. We
also demonstrate how presented algorithm can increase robustness of existing neuroim-
age registration algorithms, be it rigid, affine or less restricted deformable registration.
Our algorithm was implemented using Insight Toolkit(ITK).
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1. Introduction
In many neuroimage processing and classification tasks [12, 10, 11] it is imperative to
be able to calculate the exact location of the midsagittal plane. Performing statistical
quantification of human brain asymmetry [4, 5, 19], for example, is impossible without
knowing where the plane of symmetry is. In many classification problems symmetry
based features are informative and increase discriminative power of the feature vector.
In the process of registering a pair of neuroimages to each other, knowledge of the mid-
sagittal plane locations makes it possible to find a good initial mutual orientation of the
neuroimages. Moreover, if the locations of midsagittal planes are known, the number
of parameters that have to be estimated during registration can be reduced. In the case
of affine registration, for instance, the number of estimated parameters can be reduced
from twelve to eight. Another possible application of the midsagittal plane extraction
algorithm is in bringing neuroimages into standard coordinate system, like commonly
used Talairach coordinate system [18], automatically. Talairach framework relies on
landmarks and defines principal orthogonal coordinate axes based on interhemispheric
midsagittal plane, AC-PC line1 and VAC line2. However, in some normal brains and in
many pathological brains with tumors or lesions interhemispheric midsagittal plane is
not a geometric plane but a curved two-dimensional surface. In such cases, therefore,
the coordinate axis based on interhemispheric midsagittal plane in Talairach coordinate
system is defined ambiguously. This fundamental ambiguity can be removed by defin-
ing an ideal midsagittal plane (iMSP).
Ideal midsagittal planeis a virtual geometric plane about which the three-dimensional
anatomical structure captured in the given neuroimage exhibits maximum bilateral
symmetry [12]. It is the location of this plane that is useful to know. However, fully
automatic extraction of iMSP presents a number of challenges posed by various extrin-
sic and intrinsic factors. First, successful algorithm should work for a wide variety of
initial orientations of a given three dimensional neuroimage without assuming that a set
of two-dimensional slices representing it is axial, coronal or sagittal. In the emergency
room conditions, where a patient might be unconscious, the two-dimensional slices out
of a scanner can be neither coronal nor axial nor sagittal unless pre-scanning alignment
is used. Automated MSP extraction algorithm with no limitations on the initial orien-
tation of the unput neuroimage can be used to eliminate the need for such alignment,
thus reducing medical imaging costs. Second, performance of the algorithm should not
deteriorate when large degree of asymmetry is present in a given neuroimage. Some
brains, especially the ones with pathologies, can significantly deviate from being sym-
metric. This fact may be due to the presence of a stroke or a tumor in the brain. Third,
the algorithm should reliably find iMSP even if given neuroimage has low signal to
noise ratio. This paper presents a fully automated algorithm for iMSP extraction that
satisfies these three criteria. Section 2 reviews existing work on automatic MSP ex-
traction. Section 3 describes proposed algorithm for automatic ideal midsagittal plane
extraction. Section 4 contains quantitative evaluation of the algorithm’s performance
when applied to normal, highly asymmetric and noisy neuroimages. Section 5 illus-

1line passing through the superior aspect of the anterior commissure (AC) and the inferior aspect of the
posterior commissure (PC)

2line passing through the posterior margin of anterior commissure and perpendicular to AC-PC line
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trates advantages of using the algorithm as a preprocessing step of registration process,
and, finally, in section 6 we present a brief summary of the paper.

2. Related Work
We can divide existing MSP extraction algorithms into 2 conceptually different groups.
First group of algorithms defines MSP in terms of anatomical structures of the brain
[2]. Such methods assume that the interhemispheric fissure of the brain is approxi-
mately planar and is, in fact, a good approximation to MSP. Therefore, they identify
task of estimating MSP with the task of detecting the interhemispheric fissure. Once
the fissure is found, its location is used to estimate MSP. The fact that interhemispheric
fissure is often not planar even in normal brains limits robustness of this kind of ap-
proaches. Also, such algorithms are sensitive to modality of the image, image artifacts,
and often require segmentation as a preprocessing step.
The other group of techniques defines MSP as a symmetry plane of a neuroimage
[1, 6, 7, 12, 15]. Methods in this group usually define a symmetry measure and find a
plane which maximizes it. Depending on the type of symmetry measure and whether
it is applied to the original intensity image or to a volume that was preprocessed, the
algorithms in this group can be affected by the global asymmmetry of the brain. This
is because if the brain is significantly tilted, corresponding left and right anatomical
structures of the brain do not appear on the same slice. Consequently, symmetry lines
which are computed on each 2D slice are meaningless and lead to erroneous estima-
tions of MSP. 3D methods that compute symmetry measure on the entire volume have
the potential of overcoming the neuroimage orientation constraint of 3D slice based
algorithms. A different approach is employed by Prima, et al [17]. They utilize de-
formable registration and block matching to compute MSP. However, they report that
their approach breaks if the yaw and roll angles of the given neuroimage are about 21
degrees [17]. This is approximately the same as the breaking point reported by Liu et al
[12] for their algorithm where midsagittal plane was estimated from a set of 2D slices.

3. Ideal Midsagittal Plane Extraction Algorithm.
In this section we present an algorithm for extracting ideal midsagittal plane from
an arbitrarily oriented three-dimensional neuroimage represented by a set of two-
dimensional slices. In order to describe our algorithm we will first describe prepro-
cessing operations we perform on the input neuroimage, then we specify three gen-
eral components of our algorithm: our parametrization of the space of possible solu-
tions, the metric to evaluate candidate solutions, and the exploration strategy for this
parametrized space.

3.1 Preprocessing

In order to increase robustness of our algorithm, we must reduce its sensitivity to such
factors as noise, bias fields and asymmetries of the brain, whether natural or caused
by a disease. We achieve this goal by anisotropic smoothing, subsampling and edge
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detection [3, 16]. Subsampling makes our algorithm insensitive to minor asymmetries
of the brain. Anisotropic smoothing reduces noise in the image while preserving edges.
Finally, edge detection reduces effects of the remaining noise and bias field and forces
our algorithm to consider only main structures in the brain. In addition, edge detection
allows us to use computationally effective measure of symmetry.

3.2 Parametrization of the Space of Possible Solutions

In our problem of extracting ideal midsagittal plane, the space of possible solutions is a
set of all possible planes. In order to be able to explore this space we must parametrize
it first.
Given a stack of 2-D slices representing a 3-D neuroimage, we define a coordinate sys-
tem as follows. The origin of the system coincides with the bottom left corner of the
first slice; x-axis corresponds to the bottom horizontal edge of the first slice; y-axis cor-
responds to the left vertical edge of the slice, and z-axis is perpendicular to the first slice
and directed toward last slice. We measure distances along each axes in voxels. For ex-
ample, if voxel has dimensions[ x y z ] = [ 0.9375mm 0.9375mm 1.5mm ]
then a point with coordinates[ 1 2 3 ] in introduced coordinate system will have
physical coordinates of[ 0.9375mm 0.9375mm 1.5mm ]. We define any plane

by a pointP on the plane and its normal vector
→
V . The latter can be given by a vector of

unit length
→
V . Thus, we can now traverse the space of possible solutions by changing

coordinates ofP and
→
V .

3.3 Metric to Evaluate Possible Solutions

Given a particular instantiation of the pointP and the unit normal vector
→
V , we need

to be able to evaluate how symmetric the input neuroimage is with respect to the plane

specified by theseP and
→
V , and do it in a computationally efficient way. For our

evaluation measure we choose correlation of original neuroimage and its flipped copy
about a given plane [14, 15, 9].
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where w, h, d are respectively width, height and depth of the 3D neuroimage,Io
ijk is

intensity value of the voxel with coordinates i, j, k in the original image,If
ijk is intensity

value of the voxel with coordinates i, j, k in the flipped image.
After preprocessing, we transform the original neuroimage into a binary edge image.
(1) reduces to

S =
M√
N · N =

M

N
(2)

whereN is the total number of non-zero voxels in the binary image,M is the total
number of coordinate triples for which voxels in both original and flipped binary neu-
roimages have non-zero values. The formula (2) suggests that we only need to loop

3



through non-zero voxels of the binary edge image, which makes the evaluation process
much faster.
Finally, we avoid actually flipping the 3D neuroimages by using the following for-
mulas to relate coordinates of a voxel to coordinates of the voxel that would have
corresponded to it had we flipped the image about a given plane.

−→
Af =

−→
Ao + 2

[−−−−−−−−−−→
(H ∗ Ao − Ao) +

−−−−−−−−→
(P − H ∗ P )

]
(3)

whereAo is the voxel under consideration,Af the voxel that would have corre-

sponded toAo had we flipped the image about a given plane,
→
Aois a vector starting at

the origin and ending inAo,
→
Af is a vector starting at the origin and ending inAf , H

is a projection matrix which projects onto the plane defined by givenP and
→
V .

H = [
→
W

→
U

→
0 ] × [

→
W

→
U

→
V ]−1 (4)

where
→
W and

→
U are unit vector which together with

→
V form an orthogonal basis.

3.4 Exploration Strategy for the Parametrized Space of Possible
Solutions

The parametrization we use indexes the space of candidate midsagittal planes by two

continuous parameters: pointP and unit vector
→
V . We cannot search this space exhaus-

tively, therefore we traverse the space in the following manner.

Given
→
V we will change the coordinates ofP by

→
V at a time. This corresponds to mov-

ing a plane by 1 unit at a time in the direction perpendicular to the plane. Moreover,
since we are looking for the plane of symmetry, we will require that candidate planes

be close to the centroid of the given neuroimage. Thus, given
→
V , we will only consider

a relatively small set of planes located near centroid that are perpendicular to
→
V .

However, we cannot impose any restrictions on
→
V since one of the goals of our al-

gorithm is to extract ideal midsagittal plane from 3D neuroimages with arbitrary ori-

entation. To visualize the search strategy we employ, imagine that the unit vector
→
V

is at the center of a unit sphere. Then to consider all possible values for
→
V means to

sweep the entire surface of the sphere with the endpoint of
→
V . We will embed a lattice

into the surface of the sphere and visit only nodes of this lattice. Moreover we can

eliminate half of the sphere from the consideration because
→
V and -

→
V specify the same

orientation of the plane perpendicular to them. Thus, each visited node corresponds

to a particular orientation of
→
V . Fixing

→
V , we now changeP as described above, and

retrieve the plane with the maximum correlation score computed according to (2). In

such a way we can assign a score to each of the
→
V ′s. In order to make our algorithm

more robust to spurious matches, we will choose a set of
→
V ′s with highest scores rather

than a single
→
V with the highest score for further exploration. For each selected

→
V

we embed a finer lattice around the node which corresponds to it and then visit every
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Figure 1: We embed a coarse lattice on the surface of a unit sphere and make the

endpoint of
→
V visit every node of the lattice. The leftmost sphere depicts this process.

Then we embed a finer lattice around each of the five nodes of the coarse lattice that
have highest symmetry measure value. The rightmost sphere shows one of these 5
nodes, together with finer lattice embedded in its neighborhood.

node of that finer lattice. For each of the finer lattices we pick a node with the highest
score and subsequently choose the node which gives the highest score as evaluated on
the full size edge image. After that we embed yet another even finer lattice around
the selected node and evaluate the nodes of the lattice according to the formula (2) as

applied to full sized edge image. The evaluation of the finest lattice produces
→
V and

P that correspond to the ideal midsagittal plane. Figure 3 provides pseudocode of our
algorithm along with step by step illustration of its work.

4. Evaluation
In this section we will quantitatively characterize robustness of the proposed iMSP
extraction algorithm. As the measure of error of our algorithm we will use angleα,

in degrees, between vector normal to true iMSP,
→
V , and vector normal to an iMSP

estimated by the algorithm,
→
V̂ .

4.1 Data

We will test our algorithm on 19 3D MR neuroimages. Since these images were ac-
quired in controlled environment, their true iMSP is not far from being parallel to yz-
plane. For convenience, the images were resampled to have cubic voxels and dimen-
sions of 256x256x256 voxels. We call this datasetNormal. Three additional datasets
are created based on thisNormaldataset. In order to investigate how various imaging
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Figure 2: The figure demonstrates the way we partition the unit hemisphere into sectors
and introduces the numbering of the sectors

Table 1: Parameters of simulated tumors and noise. First row contains neuroimage
number. We group two different neuroimages in the same column if they have the
same noise and simulated tumors added. Second row characterizes absolute strength
of the artificially added noise and contains signal to noise ratio, in dBW, of the noise if
the signal strength were 0 dBW. The remaining rows containx, y andz coordinates of
the center of a simulated tumor and the radius of the tumor, in voxels

Neuroimage # 1, 6 2, 7 3, 8 4, 9 5 10 11 12 13 14 15 16 17 18 19

SNR, dBW -40 -30 -20 -10 -50 -50 -40 -30 -20 -10 -50 -40 -30 -20 -20

X, voxels 100 120 140 160 80 120 140 160 80 100 120 140 160 80 100

Y, voxels 120 130 140 150 110 130 140 150 110 120 130 140 150 110 120

Z, voxels 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

R, voxels 30 40 50 60 20 40 50 160 20 30 40 50 60 20 30

artifacts affect performance of our algorithm, we createNoisedataset by adding gaus-
sian noise to the neuroimages in theNormal dataset. To quantify robustness of our
algorithm with respect to such intrinsic factors as tumors and lesions, we createTumor
dataset by artificially growing spherical tumors of various radii and locations in the vol-
umes from theNormaldataset. Noise and simulated tumor parameters are summarized
in the Table 1. Finally, the fourth dataset,Symmetric, of perfectly symmetric brains
whose iMSP has equationx = 128 is created by reflecting left half of every brain in
theNormaldataset about planex = 128. Since, for volumes in theSymmetricdataset,
unlike for the volumes in the other three, we know theexactlocations of true iMSPs,

we will use it to demonstrate that our algorithm produces unbiased estimates of
→
V .

In order to evaluate accuracy of the proposed algorithm for arbitrary orientations of the
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Figure 3: Illustration of the work of iMSP extraction algorithm on three orthogonal
views of a 3D rendering of a MR neuroimage and a candidate MSP. First, we perform
preprocessing on the input neuroimage. Then we roughly estimate five best candidate
MSPs. After that we refine our estimates of the MSPs and select the best candidate.
Finally, we further refine the best candidate MSP to obtain parameters of iMSP.
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Figure 4: Pseudocode for the proposed algorithm

3D neuroimages, we apply 9 rotationsRi to every volume in each of the four datasets.
We choose rotations so that eachRi is random and at the same time the set ofRi is
spread out through the entire set of possible rotations. As far as midsagittal plane ex-
traction is concerned, orientation of a volume is defined by the orientation of its iMSP,

which, in turn, is defined by
→
V . Therefore, we partition the space of orientations of

iMSPs into 9 sectors as illustrated by the rightmost sphere in the Figure 2 and ensure

that eachRi maps
→
V inside a different sector. In such manner we obtain 9 additional

volumes for every neuroimage in each of the four datasets. This brings the total number
of neuroimages in our entire testing set to19 × 4 × (1 + 9) = 760.

4.2 Sample Results

Sample results of our algorithm are presented in the Figure 5

4.3 Results of the Evaluation

For each image in our test set we know, by construction, the rotation transformR which
was applied to it. Since originally midsagittal planes of the neuroimages we chose were
approximately parallel to yz-plane, after we run the algorithm on an image in the test
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Figure 5: Leftmost column contains pairs of slices of input and reoriented brain images
from Noisedataset. Second column from the left contains pairs of slices of input and
reoriented brain images fromTumordataset. Third column from the left contains pairs
of slices of input and reoriented brain images fromNormaldataset. Rightmost column
contains pairs of slices of input and reoriented brain images fromSymmetrydataset.

set, we obtain estimateE of R−1. We can evaluate quality of this estimate by the

angleα between the correct normal vector
→
V and the estimated

→
V̂ . For each of the four

datasets, for every neuroimagej and orientationi

αij = cos−1

(
EijRij [ 1 0 0 ]T

) • [ 1 0 0 ]T∣∣EijRij [ 1 0 0 ]T
∣∣ (5)

Since in the neuroimages fromNormal, TumorandNoisedatasets iMSP is only ap-
proximately parallel to yz-plane, our results for these images may be biased even if the
algorithm works perfectly. To correct for this, for these three datasets, we substitute

vector
[

1 0 0
]T

in the equation (5) above by0.1
∑10

i=1 EijRij

[
1 0 0

]T
.

We provide full tables of angle errorsα for Symmetric, Normal, Tumor, Noisedatasets
in the Tables 2, 3, 4 and 5 respectively. Plots presented in Figures 6, 7 and 8. Our
algorithm has mean error of 0.916 degrees when applied toNormaldataset, and that of
0.242 degrees when applied toSymmetricdataset. Our algorithm’s accuracy does not
suffer from noise or simulated tumors as long as signal to noise ratio is greater than
-50dBW.
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Figure 6: The graph shows breaking points of our algorithm. The algorithm failed to
find iMSP for some orientations of neuroimages number 5, 10 and 15 from theNoise
dataset. As shown in the Table 1 neuroimages 5, 10 and 15 have the strongest noise
added to them. This means that in terms of noise, breaking points of the algorithm are
SNR=-50dBW.
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Figure 7: The graph demonstrates that below breaking points the accuracy of our algo-
rithm does not suffer from noise or simulated tumors.
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Figure 8: The leftmost graph shows errors of our algorithm for all orientations of the
neuroimages inNormalandSymmetricdatasets. It demonstrates that the accuracy of
our algorithm does not depend on the orientation of the input brain image.
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Table 2: Errors of iMSP extraction algorithm when applied toSymmetrydataset. For
each sector(see figure 1) and neuroimage, the table contains angle, in degrees, between
true and estimated orientations of the vector normal to iMSP plane. Second column
corresponds to an unrotaded image, second column - to an image which is rotated so
that vetor normal to its iMSP is inside sector I, and so on. Rows correspond to different
neuroimages in theSymmetrydataset

0 I II III IV V VI VII VIII IX Row Mean Row Std

1 0.000 0.311 0.128 0.194 0.076 0.245 0.270 0.138 0.199 0.256 0.182 0.096

2 0.000 0.288 0.104 0.102 0.219 0.172 0.180 0.156 0.233 0.056 0.151 0.087

3 0.000 0.193 0.074 0.280 0.217 0.302 0.239 0.227 0.123 0.150 0.181 0.094

4 0.000 0.312 0.186 0.143 0.149 0.282 0.274 0.464 0.282 0.226 0.232 0.124

5 0.000 0.111 0.218 0.201 0.267 0.037 0.356 0.376 0.179 0.224 0.197 0.123

6 0.000 0.123 0.119 0.328 0.058 0.108 0.223 0.214 0.081 0.258 0.151 0.101

7 0.000 0.252 0.167 0.254 0.119 0.199 0.275 0.269 0.232 0.215 0.198 0.085

8 0.000 0.288 0.156 0.066 0.105 0.128 0.243 0.157 0.141 0.181 0.146 0.082

9 0.000 0.210 0.277 0.105 0.224 0.096 0.110 0.113 0.137 0.193 0.146 0.080

10 0.000 0.142 0.267 0.230 0.175 0.295 0.262 0.207 0.208 0.107 0.189 0.088

11 0.000 0.271 0.301 0.104 0.241 0.143 0.254 0.265 0.229 0.167 0.198 0.093

12 0.000 0.165 0.066 0.141 0.083 0.189 0.168 0.190 0.301 0.075 0.138 0.085

13 0.000 0.050 0.322 0.196 0.200 0.119 0.210 0.084 0.306 0.085 0.157 0.107

14 0.000 0.182 0.253 0.120 0.259 0.197 0.166 0.174 0.070 0.282 0.170 0.088

15 0.000 0.227 0.113 0.218 0.346 0.161 0.256 0.082 0.172 0.246 0.182 0.099

16 0.000 0.195 0.110 0.044 0.171 0.174 0.104 0.265 0.118 0.261 0.144 0.086

17 0.000 0.293 0.180 0.229 0.245 0.240 0.300 0.184 0.075 0.248 0.199 0.095

18 0.000 0.113 0.207 0.198 0.225 0.247 0.256 0.283 0.188 0.148 0.187 0.083

19 0.000 0.059 0.088 0.076 0.081 0.105 0.155 0.139 0.190 0.169 0.106 0.057

Column Mean 0.000 0.199 0.175 0.170 0.182 0.181 0.226 0.210 0.182 0.187 Total Mean Total Std

Column Std 0.000 0.084 0.080 0.078 0.079 0.074 0.065 0.096 0.072 0.069 0.171 0.093
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Table 3: Errors of iMSP extraction algorithm when applied toNormal dataset. For
each sector(see figure 1) and neuroimage, the table contains angle, in degrees, between
true and estimated orientations of the vector normal to iMSP plane. Second column
corresponds to an unrotaded image, second column - to an image which is rotated so
that vetor normal to its iMSP is inside sector I, and so on. Rows correspond to different
neuroimages in theNormaldataset

0 I II III IV V VI VII VIII IX Row Mean Row Std

1 0.100 0.283 0.064 0.175 0.072 0.178 0.337 0.237 0.252 0.222 0.192 0.092

2 0.702 0.675 1.003 2.815 0.490 0.508 0.431 0.944 0.816 2.329 1.071 0.821

3 0.654 0.453 0.857 0.675 0.474 0.305 0.621 0.695 0.463 0.544 0.574 0.158

4 0.788 4.775 1.372 2.159 0.926 0.897 0.497 0.965 1.750 1.836 1.596 1.236

5 1.446 0.675 0.208 0.966 0.833 0.097 0.887 0.603 1.601 0.695 0.801 0.472

6 1.308 0.693 0.828 1.030 0.359 0.410 0.557 0.082 0.615 0.549 0.643 0.349

7 0.687 0.964 1.458 0.660 0.758 0.640 1.113 0.338 1.011 1.287 0.892 0.338

8 0.050 0.784 0.751 1.364 0.462 0.775 0.253 2.325 0.473 0.702 0.794 0.645

9 0.234 0.869 0.679 1.741 0.711 0.300 0.183 0.741 0.631 1.144 0.723 0.466

10 1.382 3.783 0.364 1.844 1.703 1.921 1.567 2.603 1.666 3.197 2.003 0.969

11 0.135 1.840 0.575 1.246 0.363 0.236 0.469 0.730 0.506 0.759 0.686 0.512

12 0.991 0.705 0.478 0.438 1.204 0.352 0.192 0.409 0.247 0.397 0.541 0.328

13 1.523 2.046 1.601 1.509 2.337 0.922 1.274 2.496 1.537 1.774 1.702 0.478

14 2.129 1.223 0.295 1.163 0.531 0.457 0.671 1.370 1.156 0.946 0.994 0.541

15 0.089 1.028 0.389 0.746 0.352 0.454 0.345 0.599 0.260 0.677 0.494 0.272

16 0.222 0.274 0.441 0.936 0.501 0.302 1.290 0.501 1.041 1.734 0.724 0.505

17 0.726 1.093 1.007 2.157 0.263 0.885 0.857 3.529 0.910 1.869 1.330 0.947

18 0.449 0.701 0.727 1.250 0.512 0.174 0.337 1.365 0.903 0.607 0.702 0.380

19 0.945 1.165 0.482 0.425 0.436 0.705 0.755 0.659 0.991 0.335 0.690 0.277

Column Mean 0.766 1.265 0.715 1.226 0.699 0.554 0.665 1.115 0.886 1.137 Total Mean Total Std

Column Std 0.585 1.165 0.426 0.684 0.541 0.420 0.405 0.946 0.486 0.791 0.903 0.716
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Table 4: Errors of iMSP extraction algorithm when applied toTumor dataset. For
each sector(see figure 1) and neuroimage, the table contains angle, in degrees, between
true and estimated orientations of the vector normal to iMSP plane. Second column
corresponds to an unrotaded image, second column - to an image which is rotated so
that vetor normal to its iMSP is inside sector I, and so on. Rows correspond to different
neuroimages in theTumordataset

0 I II III IV V VI VII VIII IX Row Mean Row Std

1 0.255 2.449 0.235 0.442 0.215 0.458 0.402 0.581 0.245 0.159 0.544 0.683

2 1.210 0.965 1.174 2.719 0.471 0.262 0.657 0.839 0.154 1.140 0.959 0.724

3 0.987 1.121 1.149 1.665 1.218 0.977 1.546 1.287 1.189 1.484 1.262 0.233

4 0.659 4.696 1.444 1.958 0.795 1.050 0.402 0.930 1.828 1.486 1.525 1.223

5 1.479 0.674 0.567 0.437 1.478 0.799 1.587 0.629 1.450 0.984 1.008 0.446

6 1.498 0.687 0.323 1.110 0.795 0.366 0.972 0.489 1.481 0.881 0.860 0.418

7 0.213 0.427 1.014 0.595 0.323 0.304 0.085 0.298 0.478 0.207 0.394 0.262

8 0.201 1.014 0.615 1.525 1.187 0.902 1.714 2.623 0.581 0.590 1.095 0.707

9 0.349 0.410 0.860 1.085 0.245 0.127 0.372 0.622 0.427 0.809 0.531 0.304

10 0.814 4.387 1.032 2.008 1.969 0.864 1.269 2.147 1.985 2.800 1.928 1.079

11 0.545 2.106 0.769 0.943 1.820 0.626 0.696 1.009 0.869 0.682 1.006 0.528

12 1.511 1.339 3.037 1.797 0.965 1.313 0.269 1.282 0.627 0.622 1.276 0.774

13 1.110 1.710 3.470 1.586 0.797 1.509 1.204 2.994 1.101 1.359 1.684 0.865

14 0.712 1.151 0.468 2.053 0.745 0.580 0.827 1.532 1.033 0.772 0.987 0.483

15 0.128 0.756 0.225 0.218 0.423 0.138 0.378 0.642 0.294 0.686 0.389 0.232

16 0.899 0.483 0.887 0.771 0.751 0.265 2.166 0.765 0.834 0.612 0.843 0.505

17 1.065 2.672 1.931 3.486 0.328 3.467 1.249 1.392 1.025 3.733 2.035 1.218

18 0.482 0.754 0.775 1.204 0.459 0.223 0.350 1.481 0.423 0.653 0.680 0.395

19 0.605 1.600 0.330 1.612 0.241 0.304 0.483 1.289 1.664 0.944 0.907 0.588

Column Mean 0.775 1.547 1.069 1.432 0.801 0.765 0.875 1.202 0.931 1.084 Total Mean Total Std

Column Std 0.454 1.244 0.886 0.824 0.527 0.769 0.586 0.726 0.556 0.863 1.048 0.801
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Table 5: Errors of iMSP extraction algorithm when applied toNoisedataset. For each
sector(see figure 1) and neuroimage, the table contains angle, in degrees, between true
and estimated orientations of the vector normal to iMSP plane. Second column corre-
sponds to an unrotaded image, second column - to an image which is rotated so that
vetor normal to its iMSP is inside sector I, and so on. Rows correspond to different
neuroimages in theNoisedataset

0 I II III IV V VI VII VIII IX Row Mean Row Std

1 0.033 0.243 0.109 0.374 0.069 0.224 0.371 0.166 0.283 0.251 0.212 0.118

2 1.088 0.752 1.089 3.266 0.418 0.281 0.559 0.861 0.497 2.141 1.095 0.928

3 0.629 0.468 0.886 0.642 0.278 0.265 0.638 0.664 0.484 0.085 0.504 0.238

4 0.788 4.775 1.372 2.159 0.926 0.897 0.497 0.965 1.750 1.836 1.596 1.236

5 79.522 12.601 12.277 78.977 12.938 12.524 12.405 12.435 8.928 12.292 25.490 28.357

6 1.203 0.482 0.494 1.699 0.465 0.450 1.201 0.898 0.082 0.258 0.723 0.508

7 0.709 1.070 0.901 0.605 1.185 0.707 1.004 1.434 1.344 1.422 1.038 0.307

8 0.561 0.443 0.954 0.938 0.452 0.468 0.538 1.501 0.567 0.867 0.729 0.338

9 0.274 0.837 1.442 1.495 0.469 0.363 0.332 0.501 0.389 1.385 0.749 0.502

10 5.525 6.537 5.393 5.774 7.054 79.702 5.479 5.270 8.254 8.889 13.788 23.194

11 0.967 1.292 0.892 0.703 2.444 0.152 0.736 0.684 0.739 0.322 0.893 0.630

12 0.512 0.631 0.514 0.460 0.572 0.683 0.216 0.790 0.223 0.410 0.501 0.185

13 1.317 2.336 3.274 1.338 2.271 1.460 1.468 3.440 1.418 0.924 1.925 0.869

14 1.065 0.924 0.374 1.336 0.517 0.165 0.635 1.723 0.835 0.532 0.811 0.470

15 82.207 7.963 12.975 8.275 6.881 46.392 8.004 8.215 85.315 7.681 27.391 32.015

16 0.909 0.861 0.325 1.271 1.136 0.905 1.244 1.199 1.026 0.641 0.952 0.296

17 0.723 0.922 1.460 2.200 0.707 0.314 0.262 2.579 1.437 1.844 1.245 0.791

18 0.613 0.795 0.904 1.255 0.432 0.386 0.805 1.398 0.810 0.626 0.802 0.325

19 1.137 1.090 1.075 1.965 0.727 0.533 0.635 0.542 1.205 0.482 0.939 0.456

Column Mean 9.462 2.370 2.458 6.039 2.102 7.730 1.949 2.382 6.083 2.257 Total Mean Total Std

Column Std 25.191 3.300 3.781 17.771 3.316 20.456 3.211 3.125 19.347 3.423 4.283 13.399

5. iMSP and Registration.

Process of neuroimage registration can benefit greatly from iMSP extraction. First,
reorienting two neuroimages that we would like to register according to their iMSPs
brings them closer together and helps registration avoid many local extrema. Second,
by requiring that iMSPs of two registered neuroimages coincide, we reduce the number
of parameters a registration procedure has to optimize. In the case of rigid registration,
for example, 6 continuous parameters can be reduced to 4: three continuous represent-
ing rotation parallel to iMSP and 2 translations, and one binary representing flip. To
evaluate advantages for registration provided by our iMSP extraction algorithm, we
conducted experiments using 190 neuroimages fromNormal dataset. We used rigid
registration algorithm available in Insight Toolkit [8] with mean intensity square dif-
ference as a similarity measure and MIRIT algorithm [13] for affine registration using
mutual information [20]. Our experiments have shown that reducing number of degrees
of freedom using constraints imposed by iMSP makes registration more than twice as
fast compared to mere alignment of iMSPs of two images without sacrificing quality
of registration. Our other findings in terms of reliability and accuracy of registration
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which employs midsagittal plane extraction are presented in Figures 9, 10 and 11.

Figure 9: Advantage of using iMSP for registration. First row contains the slices of an
input neuroimage we are about to register. Second row contains a slice of the target
neuroimage to which we register the input brain image. Third row contains the result
of registration without reorienting input brain image according to iMSP. Fourth row
contains results of registration after reorientation had been applied.
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Figure 10: The graph shows that accuracy of registration is improved for every brain
image when iMSP extraction algorithm is applied before the registration.
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Figure 11: The graph shows that accuracy of registration is improved for every orien-
tation when iMSP extraction algorithm is applied before the registration.

6. Summary and Conclusions

We have presented a robust truly three dimensional algorithm for ideal midsagittal
plane extraction. We have shown that, unlike other existing algorithms, our algorithm
has no limitations on the initial orientation of the input neuroimage while achieving
accuracy comparable to that of existing algorithms. In addition, we have demonstrated
and quantitatively evaluated the improvements in registration accuracy, speed and reli-
ability of neuroimage registration that are made possible by our ideal midsagittal plane
extraction algorithm.
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3 minutes on a Pentium 4 2.6Ghz processor running Windows XP. We will contribute
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