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Abstract—We present an improvement of an automated 
generic methodology for symmetry identification, asymmetry
quantification, and segmentation of brain pathologies,
utilizing the inherent bi-fold mirror symmetry in brain
imagery. In the pipeline of operations starting with detection
of the symmetry axis, hemisphere-wise cross registration,
statistical correlation and quantification of asymmetries, we
segment a target brain pathology.  The detection of 
pathological difference left to right in brain imagery is
complicated by normal variations as well as geometric 
misalignment in anatomical structures between two
hemispheres. Introducing hemisphere-wise registration and
spatial correlation makes our approach perform robustly in
the presence of normal asymmetries and systematic artifacts
such as bias field and acquisition noise.

I. INTRODUCTION
Medical image segmentation, a process of identifying and 
delineating anatomical structures and other objects in
medical images, still largely remains an open problem, in
spite of several decades of research utilizing major imaging
modalities [1]. Many brain segmentation approaches have
evolved from low level image operations such as
thresholding, edge detection, mathematical morphology
[10], to more sophisticated image processing methods such 
as statistical classification[11][12], active contours[22],
neural networks[4], fuzzy connectedness [23], level
sets[28] and hybrid segmentation methods [24]. However, 
clinical applications suggest that to successfully 
differentiate between organ and tumor tissue, image
information alone is often insufficient [6]. For example, if a
tumor shows insufficient contrast against healthy brain 
tissue, active contour classification requires the selection of
seeds to initialize segmentation, hence the method is not 
fully automated. Other statistical classification methods are 
also limited due to overlapping intensity distributions of
healthy tissue, tumor, and surrounding edema. In the digital
anatomical atlas –based segmentation [13] prior knowledge

about normal brain anatomy is used, including the size,
shape and location of anatomical structures. However, the 
shape and other characteristics of tumors and other brain
pathologies are highly variable, thus representing prior
knowledge about brain pathologies is hard to obtain.
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In this paper, we propose an improvement of an
automated generic method for identification, delineation
and segmentation of the brain pathology by evaluating
differences between opposing sides of the brain described
in our prior work [25,26]. Inspired by atlas based methods,
we replace the need for a generic digital atlas with the 
patient-specific brain template using healthy side of the
brain as the prior model. Because normal brains exhibit 
high level of bi-fold mirror symmetry that is partially
absent under pathological conditions. e.g tumor, stroke,
bleed. We therefore utilize the inherent left-right symmetry
to guide classification of human brain pathologies by
cross-registration between opposing hemispheres and 
statistically enhancing the differences in a higher
dimensional feature space. 

Statistical tests operating on the paired windows are
applied to identify seeds points in the pixels exhibiting
statistically sufficient bilateral asymmetry.
Hemisphere-wise registration has been adopted so as to
eliminate the normal asymmetries as well as geometrical
misalignments.  Since we can’t assume independent
samples within two paired windows, intra-window and
inter-window spatial correlation has been performed by
computing the covariance modeled by correlogram [18-20].
The identified statistical difference has marked the seeds 
from where local adaptive region growing is performed
with the stopping criteria predefined based on the
intensities of the original images.

The paper is organized as follows. In section 2, we
describe our algorithm in details and the results are 
discussed in section 3, where we demonstrate capabilities
of our method on MR DWI (Diffusion-Weighted Images),a
common MR technique that is used together with ADC
(Apparent Diffusion Coefficient) map in the diagnosis of
acute infarcts [25]. Finally, we present conclusions of our 
work and point out future directions in section 4. 

II. METHODS
In the pipeline of operations starting with detection of the

symmetry axis, hemisphere-wise cross registration,
statistical correlation and quantification of asymmetries, we
segment the target brain pathology.

A. Identification of Symmetry Axis 
Various approaches for detecting, analyzing, measuring
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and applying 2D symmetry in image analysis have been
suggested [7, 8, 9]. In our early work [2, 3], an algorithm
for detecting the symmetry axes of a 2D planar shape was
presented.We map from an image I(x,y)  to r-   polar space,
which will give rise to an image I(r, ) where the origin
(0,0)  in polar coordinates(see Fig.1b) corresponds to the
centroid in the Cartesian coordinates (see Fig.1a)

For an object with a well-defined boundary, there are 
lines extending from the centroid ( , )x y with direction
and length r( ). In polar representation, to determine a two
fold mirror symmetric axis we seek the  values that
minimize the distance between two adjacent window of 
size .

0
( , ) ( ) ( ) pp pd Right Left r r d

Specifically, for p=1,
1

0
( , ) ( ) ( )d Right Left r r d

with the best symmetry axis being
.1arg min ( , )d Right Left

The resulting minimizes the absolute distance between 
two adjacent windows of size . Therefore, the problem
turns into identifying the global minimum of symmetry
measure d in the polar space. This can be implemented by
comparing the left-half and right-half of a sliding window
across the entire r- space, as shown in Fig 1. 

(a)                                  (b)

Fig. 1. (a) The axis of symmetry in an almost symmetrical object. Each 
point has been re-parameterized by its radius r and the angle .
(b) In r- polar space, we seek the global minimum of the absolute 
distance between two adjacent windows of size .

B. Non-rigid registration between two hemispheres
The normal asymmetries between hemispheres can be 

statistically significant. Misalignment in geometry and
variance in intensities, as shown in Fig.2(a), can complicate
procedures to precisely segment pathologies. If there
appears a dramatic normal variation between two
hemispheres, it is highly likely that the method will pick up 
unwanted artifacts together with pathological asymmetries.
In order to eliminate these artifacts, we conduct non-rigid
registration between the two hemispheres as a 
preprocessing step such that points in the first half of the
brain are mapped to their counterparts by geometric affine
transformations.
Since we want to address both the intensity variance and 
geometrical misalignments between two hemispheres, we 
choose an intensity based approach so as to avoid the
various pitfalls involved in feature selection.
Geometrically, we adopt the algorithm to model the

transformation with a local affine model and a global
smoothness constraint. This allows us to capture non-linear
distortions in both geometry and intensity. This entire
procedure is built upon a differential framework, and the
standard MSE error metric on intensity values is employed
[21]. We let one scan be represented as X(r,c), r
{1,2,..NY , c {1,2,..NX , where 
NX, NY are the x, y dimensions of each scan. Since we have 
already re-aligned the brain along the symmetry axis csym=
NX/2, we split the image into two halves according to the 
symmetry axis. To create pairs of image elements the right 
or left set of pixels is flipped along the symmetry axis,
therefore we have obtained the source XL and target XR
halves of the brain, denoted in Fig.2 (a). The geometric
transformation is followed to register all points in XL to
corresponding points in XR. The warped source XL’ , as 
shown in Fig.2(b), is more geometrically comparable with
the target.

Fig. 2. A non-rigid registration is accomplished by geometric
transformation demonstrated on a DWI image. (a) Original source and 
target halves of the brain. After the geometric mapping from the source
half to the target, the registered source and target halves are shown in (b). 

C. Modeling spatial correlation
We consider all the artifacts other than pathological 

asymmetries as noise. We model the spatial correlation (see
Fig.3.) using an isotropic exponential model with a
“nugget” effect C(R) = ce exp(-R/ae) + c0 1{R=0}, where R
is the distance between pixels and c0, ca, and ae are model
parameters to be estimated [25].  The model is fit using
standard least squares methodology [20] to the differenced
image (left hemisphere image subtracted from flipped right
hemisphere image) to eliminate as much anatomical detail 
as possible, and the fitted covariance function is divided by
two when applied to the original image.

D.   Statistical Tests
The neighborhood of a pixel is defined as a set of offsets

both in columns and rows from this pixel, as shown below.
The neighborhood is used to create the vicinity of the point
(r,c) of image X :

: ( , ) { ( , ) : ( , ), ( , ) }NS X r c X r c r r c c r c N
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Fig. 3 Correlogram computed from brain data to model the spatial 
correlation.  X coordinate is the relative distance of each pairs of pixels,
and y coordinate is the estimated covariance that is a function of distance 
R. Coefficients can be estimated from least square fitting (the cyan curve)

We define the statistical tests sampling unit to be the
square-shaped neighborhood, with window size w= r= c.
Therefore two windows (ai,j)w×w, (bi,j)w×w, from the
hemisphere XL’ (the warped half brain through non-rigid
registration) and from the hemisphere XR  form two sample
units, . We slide each of the two 
windows across the entire half of the image and conduct
statistical analysis sequentially (see Fig.4.).

1 ,1i w j w

The test statistic to be applied to each location
(equivalently, to each window pair) is the mean difference
between the  pixels in the left window and the pixels in the
right window, normalized according to the modeled
covariance structure to have an approximate standard
normal distribution in the absence of pathology. The
variance of each window pair can be shown to be equal to 

2 2T T
rJ J J J ,

where J represents a vector of all ones,  is the
variance-covariance matrix of the pixels in each window, 
and r is the covariance matrix for the vector of pixels in
the right window and those in the left window.

Fig. 4 Statistical correlation and significance test are performed based on 
two paired windows as our sample units. The covariance of a given two
elements within those two windows is modeled by correlogram that is a 
function of distance R.

These are computed based on the fitted model for the
spatial correlation (Fig.3.).  Note that, due to the assumed
isotropy of the covariance structure, does not depend on 
location and r depends only on the distance from the
window to the axis of symmetry. Thus this quantity needs
to be computed for each possible distance. The test statistic 
is the mean difference between pixels from two windows
divided by the square root of the variance and this can be 
compared with the standard normal quartiles to judge 
significance.

2
, ,

1 1
( )

w w

i j i j
i j

ab

a b w
u

ab is the variance between each paired windows. 

E. Adaptive Region Growing
In stroke DWI (diffusion weighted image), it is known 

that stroke intensities are significantly higher than the
normal tissue [25]. We filter the statistical differences u
applying a secondary threshold  based on intensities of the 
original image. This gives rise to the seeds map, see Fig.5. 
(c). Local adaptive region growing is performed starting
from the seeds, and a threshold value, 1.96 standard
deviations of the mean value of the seeds grown, is used to
test if the candidate is sufficiently similar to the seeds; This
corresponds to a finding of a 5% chance that a sampled case
will lie outside 1.96 standard deviations of the mean.
Therefore, the value of each candidate pixel is compared
with the average intensity of the seed region grown. This
step is iterated until convergence.  If the pixel is 8-way 
connected to one or more seed values, then the pixel may be
considered a member of one or more regions. A sample of 
the final segmentation results is shown in Fig.5.(d).

Fig. 5. The proposed methodology first identifies the sym ry axis of any
input data(a), then the spatial correlation and the test statistic  yield the 
image (b). Seeds(c) have been extracted from statistical tests and region
growing  makes the segmentation of the pathological asymmetries
complete(d). (e),(f) are the ground truth delineated by expert 1 and expert
2. Full description of generating ground truth can be found in our early
work [25].

met

III. RESULTS
We illustrate below our technique on DWI images.

Common MR imaging techniques such as DWI and ADC
maps are used routinely in the diagnosis of acute stroke. We
can delineate regions of acute stroke on DWI and ADC

a    b
c    d 
e    f 
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maps, and these two together can best verify the presence of 
absence of acute infarcts. In this paper we demonstrate on 
an example of a DWI image how a brain pathology can be
automatically delineated by our improved segmentation
method as shown in Fig. 5. We previously conducted
accuracy assessment of an earlier version of our 
symmetry-based segmentation, [26], of DWI stroke region
[25], where a surrogate of ground truth was generated by
two independent experts. In Fig. 5, we show that the new 
method improves our previous results computed for the
same patient data in [25], as shown in the tables below. We
used accuracy evaluation parameters from [27]. As part of
the accuracy assessment, three different values were 
obtained: 1) true positive volume fraction (TPVF) is the
fraction of the total amount of tissue in the ground truth
which overlaps with the experimental method delineation,
2) false positive volume fraction (FPVF) is the fraction of
tissue falsely identified and 3) false negative volume
fraction (FNVF) is the fraction of tissue that was missed.
The accuracy measurement values are shown in Tables 1,2. 

The older version of the method captured both
pathological asymmetry as well as the artifacts caused by
the non-uniformity of the intensities, also known as bias
field. The hemisphere-wise cross registration and spatial
correlation adjustments makes our approach perform more
robustly in the presence of  normal asymmetries and
systematic artifacts such as bias field, see Fig. 6 (c). 

TABLE 1.
ACCURACY MEASUREMENTS FOR EXPERT1 GROUND TRUTH (GT) AS 

COMPARED WITH OUR SEGMENTATION ALGORITHM

Expert1
GT Area 

Seg.
Area

Area
Diff. (%) 

FNVF FPVF TPVF

460 444 3.47 0.158 0.123 0.841

TABLE 2.
ACCURACY MEASUREMENTS FOR EXPERT2 GROUND TRUTH (GT) AS 

COMPARED WITH THE RDM DWI SEGMENTATION ALGORITHM.

Expert2
GT Area 

Seg.
Area

Area
Diff. (%) 

FNVF FPVF TPVF

452 444 3.69 0.172 0.146 0.823

(a)                             (b)                              (c)
Fig.6. Segmentation of stroke region in  a DWI image. (a)  original input 
image looks asymmetrical apart from the infarct region, because of the bias
field (b) segmentation result generalized by  previous work[25], using
non-parametric statistical test (c) segmentation result using current
approach, the outliner caused by the bias field has been removed

IV. CONCLUSION
In this paper we present a generic method for computing

axis of symmetry and quantification of asymmetries in
brain imagery. This approach consists of: 1) identifying the
axis of symmetry; 2) cross registration between
hemispheres; 3) statistical correlation and computation of
differences 4) segmentation of targeted brain pathologies.

The preliminary results have shown that this approach has
promise to achieve high precision and full automation, that
is lacking in most segmentation methods, in segmenting
brain lesions through  symmetry analysis. The future work 
involves extending this method from 2D scans to 3D
volumes so that the global volumetric pathological
asymmetries  can be captured and classified.
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