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Abstract: Brain is the most complex organ in the human body and it is divided into two hemispheres
- left and right hemispheres. Left hemisphere is responsible for control of right side of our
body whereas right hemisphere is responsible for control of left side of our body. Brain image
segmentation from different neuroimaging modalities is one of the important parts in clinical
diagnostic tools. Neuroimaging based digital imagery generally contain noise, inhomogeneity,
aliasing artifacts, and orientational deviations. Therefore, accurate segmentation of brain images
is a very difficult task. However, the development of accurate segmentation of brain images is very
important and crucial for a correct diagnosis of any brain related diseases. One of the fundamental
segmentation tasks is to identify and segment inter-hemispheric fissure/mid-sagittal plane, which
separate the two hemispheres of the brain. Moreover, the symmetric/asymmetric analyses of left
and right hemispheres of brain structures are important for radiologists to analyze diseases such
as Alzheimer’s, Autism, Schizophrenia, Lesions and Epilepsy. Therefore, in this paper we have
analyzed the existing computational techniques used to find brain symmetric/asymmetric analysis
in various neuroimaging techniques (MRI/CT/PET/SPECT), which are utilized for detecting
various brain related disorders.

Keywords: computational imaging; midsagittal plane; inter-hemispheric fissure; symmetry
analysis; neuroimaging

1. Introduction

Human brain is placed inside a tough bone structure called the skull. It gives us awareness
of ourselves and of our environment, processing a constant stream of sensory data and also it
controls our muscle movements, the secretions of our glands, and even our breathing and internal
temperature [1]. The brain is made of three main parts: the forebrain, midbrain and hindbrain.
The forebrain consists of the cerebrum, thalamus and hypothalamus. The midbrain has tectum and
tegmentum. The hindbrain is made of the cerebellum, pons and medulla. The midbrain, pons, and
medulla are referred together as the brainstem. The cerebrum or cortex is the largest part of the human
brain, associated with higher brain function such as thought and action. The cerebral cortex is divided
into four sections, called lobes; the frontal lobe, parietal lobe, occipital lobe, and temporal lobe [2].
Different anatomical parts of brain anatomy are shown in Figure 1. Figure 1(a) shows a normal adult
human brain along with inter-hemispheric fissure (also known as cerebral or longitudinal fissure),
and Figure 1(b) shows important brain anatomical regions from a sagittal cross section of a magnetic
resonance (MR) image.

A deep arrow divides the cerebrum into two halves, known as the left and right hemispheres.
The two hemispheres look mostly symmetrical but each side’s functions are slightly different than
the other. Each hemisphere controls its unique set of activities or tasks: the right brain is dominant
for spatial abilities, face recognition, visual imagery and music; the left side of the brain may be more
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(a) Inter-hemispheric fissure in a normal
adult human brain

(b) Anatomical landmarks in brain MRI

Figure 1. (a) Inter-hemispheric fissure in a normal human brain, and (b) different brain anatomical
structures from sagittal cross-section in a magnetic resonance image.

dominant for calculations, math and logical abilities. The right hemisphere of the brain controls over
muscles on the left side of the body and the left side of the brain controls over muscles on the right
side of the body. Therefore, any damage to one side of the brain will affect the opposite side of the
body [3].

There are many imaging modalities that are used in medical imaging technologies and in
particular for imaging the brain. The most commonly used modalities are X-Ray, Computed
Tomography (CT), Positron Emission Tomography (PET), Single-Photon Emission Computed
Tomography (SPECT), Ultrasound (US) and Magnetic Resonance (MR) imaging. Among them
CT and MR imaging are most widely used imaging technique for human brain clinical diagnosis
and analysis. Recent advances in automatic image processing techniques enabled us to analyze
the differences and similarities between the two brain hemispheres, compartment and intracranial
structure to detect various brain abnormalities and differences in anatomical structures.

The human brain exhibits an approximately bilateral symmetry across the sagittal plane. A
longitudinal fissure separates the human brain into two distinct cerebral hemispheres. Identification
of interhemispheric fissure (IHF) or midsagittal plane (MSP) of a brain image is required in clinical
applications. MSP detection is one of the methods to segment left and right hemispheres. The
MSP based brain hemisphere segmentation is based on the assumption that human brain has a
roughly symmetric structure with respect to the MSP. So, most of the existing techniques use several
kinds of approaches and methods to detect MSP for brain symmetric and asymmetric analysis.
However, detecting the MSP is very difficult due to the poor visibility of the inter-hemispheric
fissure. To overcome this limitation, skull symmetry as a constraint has been included as an important
anatomical feature in MSP detection.

The hemisphere segmentation of brain images refers to the extraction of the left and right
cerebral and cerebella hemispheres from brain images. Segmented hemispheres has been applied
to assess brain symmetries/asymmetries [4] to elucidate functional brain lateralization [5], natural
brain development and neuro-degeneration [6], and the effects of diseases on the human brain
such as Alzheimer’s disease [7], Autism [8], Schizophrenia [9,10] and Lesions. More recently,
computer-assisted methods have been developed for identification of Multiple Sclerosis and Lesions
from MRI brain scans and also for the extraction of the cerebral ventricles in Schizophrenia studies.

Due to the aforementioned limitations in MSP based brain hemisphere segmentation, other
computational methods and approaches are also developed in recent times e.g. fractal dimension,
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Figure 2. Classification of brain symmetric/asymmetric analysis methods and approaches

graph-cut algorithm, shape bottleneck algorithm etc., to segment the left and right hemispheres for
brain symmetric/asymmetric analysis. In the following section, we describe and review in detail the
existing computational techniques developed and used for brain symmetric/asymmetric analysis to
detect, analyze and treat various human brain disorders. These existing methods are categorized into
two major classifications and it is represented in Figure 2.

2. Review of brain symmetric/asymmetric analysis methods

2.1. MSP Based Methods and Approaches

The existing methods for MSP detection can further be classified into feature based, edge based,
cross correlation based, search based, straight line based, local symmetry and outlier based, Kullback
and Leibler’s (KL) based, 3D mask method based and content based approaches.

In the feature-based approach, the aim is to directly determine the interhemispheric fissure from
its intensity and textural features. Brummer [11], proposed a 3D extension of Hough transform by
observing that MSP appears as long lines in the coronal view and this approach involves detection of
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lines from the edge maps of 2-D brain images and then it detects MSP by fitting a plane in MRI brain
volumes. Sometime, the longitudinal fissure is no longer adequately described by a single plane,
because of the excessive amounts of central fluid sulkus and more efficient algorithms needed to
detect the MSP.

In the symmetry-based approach [12], MSP is defined as the one that maximizes the similarity
between the brain and its reflection. Symmetry based approaches first define a parameter space
and then need to describe the MSP based on similarity measurement, such as cross-correlation
method which is used to assess the interhemispheric symmetry in the selected feature space and
intensity/edge based and a search method/search criteria to find the parameters that maximize
the similarity measures. The main drawback of this symmetry based approaches are sensitivity to
brain asymmetries and the computational cost are also more. The main advantage of this method is
generalizability and adaptability to other medical image modalities, such as CT and PET.

Ardekani etl [13] proposed an automatic method to detect the MSP in 3D MR brain and PET
brain images. This line fitting/MSP straight-line algorithm seeks the plane with respect to which the
image exhibits the maximum symmetry and measured by the cross-correlation between the images
sections lying on either side. The search for the plane of maximum symmetry is performed by using a
multiresolution approach that substantially decreases computational time. The choice of the starting
plane was found to be an important issue in optimization and the method is tested on brain images
from various imaging modalities in both human and animals. But it does not produce satisfactory
results when applied to large number of clinical images.

A method for extraction of ideal Mid-Sagittal Plane (iMSP) [14] for normal and pathological
asymmetry brain images uses an edge-based and cross-correlation approach to decomposes the plane
fitting problem into the discovery of 2D symmetry axes on each slice, followed by a robust estimation
of 3D plane parameters. The iMSP extraction algorithm was evaluated for capturing the iMSP from
3D normal and pathological neural images and the algorithm is quantitatively measured by the input
image offsets and image noise. The main challenges are the drastic structural asymmetry that often
exists in pathological brains, and no isotropic data sampling that is common in clinical practice. It
is found that the algorithm can extract the iMSP from input 3D images with the large asymmetrical
lesions, arbitrary initial yaw, roll angle errors and low signal-to-noise level. The algorithm was also
tested in PET and SPECT brain images.

The human brain is never perfectly symmetric and the MSP is not always a straight line and
even for normal brains, their interhemispheric surface is curved one. Therefore, with the assumption
of MSP as a curved line, Prima et al [15], developed an iterative approach to find MSP. This method
worked by assuming an initial guess of the MSP and updated it by computing the local similarity
measures between the two sides of the head by applying the block matching procedure in all types of
brain imaging modalities like MRI, CT, PET and SPECT. But this method is not worked in functional
MR and ultrasound brain images.

Linear stereotaxic registration [16] can also be used to extract the MSP in MR images of
different subjects and are linearly transformed to match a common template image, whose MSP
is the longitudinal median plane of the stereotaxic space. The MSP in this method is defined as a
plane formed from the interhemispheric fissure line segments having the dominant orientation. MSP
detection method developed in [17] obtained a best plane based on the degree of similarity between
the image and its reflection with respect to the plane. In each iteration, the best plane is identified by
maximizing the similarity measure from brain MR images, see also [18].

A rapid algorithm for automatic extraction of the MSP of the human cerebrum from normal and
pathological neuroimages based on local symmetry and histogram outlier removal techniques was
developed by Hu and Nowinski [19]. In this method, the MSP is detected by line fitting algorithm
in brain MR and CT images. But more extensive analysis has not been done yet in all CT and MR
morphological cases brain images.
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Ekin [20], used a RANSAC method to detect MSP from its intensity and textural features in MRI
brain image. It has found that a 3-D MR data is first processed as 1D image lines, then as 2D slices,
and finally 3D volume. This makes it possible to detect an MSP fast and robust. But to detect an MSP,
the algorithm requires for the availability of axial Proton Density (PD) contrast images. Because PD
is one of the common contrasts in a typical brain MR scan, this is not a very limiting condition. MSP
extraction based on the calculation of the Kullback and Leibler’s (KL) measures proposed by Volkau
et al [21], characterize the difference between two distributions. The slices along the sagittal direction
are analyzed with respect to a reference slice and determined the coarse MSP. To calculate the final
MSP, a local search algorithm is applied. They assume that the entropy of MSP is lower than that of
the neighboring sagittal slices due to its large amount of cerebrospinal fluid (CSF). In their method,
a volume of interest (VOI) is defined around the central slice in the sagittal direction and the KL
measure is computed on all sagittal slices comparing each to the first slice of the VOI. By taking the
slice that gives the maximum KL measure as the central plane for a new smaller VOI, a new search is
performed until the MSP is estimated from MRI and CT brain image.

A method to segment T1-weighted MRI brain volumes into left and right cerebral hemispheres
using Graph Cuts algorithm is developed by Liang et al [22]. The Graph Cuts algorithm compares
the results of graph cuts segmentations against gold standard manual segmentations and with three
popular software packages Brain Visa, CLASP, and Surf Relax. Song et al [23] determined the
MSP based on a group of assistant parallel lines and correlation of gravitational forces to detect the
pathological brain in MRI. It also performs symmetric analysis in 2D slices followed by quantification
for the two hemispheres. The hemispheres are partitioned by the geometry symmetry axis (GSA)
based on the correlation to the gray level distribution (GLS). The quantification results are considered
as a feature to distinguish the normal and abnormal brain slices. Liu et al [24] successfully identified
the MSP by minimizing the statistical dissimilarity between paired regions in opposing hemispheres
and formulating the MSP extraction as an optimization problem. This method computes matrices for
the left and right hemispheres that were treated as two feature vectors and found that the pathological
brains are significantly more asymmetric and the variation of asymmetry degree is much wider. It
also reported that there is a significant gender-related asymmetry differences in MR brain images.

Bergo et al [25] developed a heuristic maximization method to detect the MSP, which is fast and
robust in 3D MRI brain image. It is assumed that MSP contains the maximum area of Cerebrospinal
Fluid (CSF) when ventricles are excluded. This method creates a 3D brain mask that excludes
ventricles. The CSF score of each sagittal plane is obtained by computing the mean voxel intensity in
the intersection between the plane and the brain mask. The plane with reasonably large brain mask
intersection and minimal intensity score is taken as the best candidate for the MSP. Then, the CSF score
is again calculated for all small transformations of the chosen plane and the plane with the lowest
score is considered to be the final MSP. Zhao et al [26] developed an unsupervised method to detect
the inter-hemispheric metabolic asymmetry by calculating an anatomy corrected asymmetry index
(ACAI) of the investigated image and effectively avoided the impact from the asymmetric structure of
the brain. The basic idea of ACAI method is to take advantage of the anatomical information obtained
from MRI, and construct an asymmetry indices (AI) map based on the classification of voxels.

Ruppert et al [12] proposed a new symmetry based method for MSP in neuroimages which is
relied on image features detected using 3D Sobel edge operator and multi-scale correlation to extract
the optimal MSP, This method is sensitive to image noises and deformations. A method proposed by
Teverovskiy and Li [27] is different from the traditional intensity based cross correlation technique in
that it performs the cross correlation on an edge image in order to capture the anatomical structures
of the brain and skull while ignoring intensity fluctuation and found the MSP accurately on certain
pathological images. But the results could severely get affected when the initial estimate of the MSP
was computed on a lower brain slice. In order to avoid it, Jayasuriya and Liew [28], developed
an intensity based reflection approach to find the MSP in 3D MRI brain images and it can easily
be extended to different imaging modalities. However, besides being computationally demanding,
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intensity based reflection approach is highly sensitive to the asymmetry caused by various brain
pathologies. Qi et al [29] developed an automated computer aided ideal midline estimation system
using two step process. First, a Slice Selection Algorithm (SSA) is applied to automatically select an
appropriate subset of slices from a large number of raw CT images. Next, an ideal midline detection
is implemented on the selected subset of slices based on edge detection and Hough transform.

Favretto et al [30] developed an automatic method for 3D rigid registration of MR brain images.
This method is combined with brain segmentation and a greedy search algorithm to find the best
match between the source and target MR brain images. Then MSP was found by using heuristic
search approach in the brain images. An automation method to find the MSP based on the Kullback
Leibler’s measure from MR brain images was devised in Kuijf et al [31]. The MSP is identified
by initializing a surface that was deformed to represent the midsagittal surface. Wu et al [32]
developed a more accurate, efficient and robust MSP detection method based on 3D SIFT features,
which are detected, clustered and indexed under a novel parallel framework. GPU-K Dimensional
tree algorithm was then used to validate on both synthetic and in vivo datasets having normal and
pathological cases. Unlike the existing MSP extraction methods, this method mainly rely on the gray
similarity, 3D edge registration and parameterized surface matching to determine the fissure plane,
see also [33].

A method to automatically detect the Anterior Commissure (AC), Posterior Commissure (PC),
and MSP in T1-Weighted MR brain scans using random regression forests method was developed
by Liu and Dawant [34]. This method was evaluated using a leave-one-out approach with 100
clinical T1-weighted MR images and was compared with state-of-art methods including an atlas
based approach with six nonrigid registration algorithms and a model based approach for the AC
and PC segmentation, and a global symmetry based approach for the MSP.

Automatic segmentation of cerebral hemispheres using curve fitting is developed by Kalavathi
and Prasath [35]. In this method, the MSP was detected as curve, and is used to segment the left and
right hemispheres. This method was tested using T1, T2 and PD weighted MR brain images.

Brain symmetry/asymmetry analysis using MSP based methods and approaches along with the
technique used and image modalities applied are summarized in Table 1.

2.2. Other Methods and Approaches

The morphological asymmetry is associated with functional variations in human
brain populations and also some pathology is strongly linked with abnormalities of brain
symmetry/asymmetry. In general human brain presents a high level of symmetry, but it is not
perfectly symmetrical. Morphological and functional difference between the hemispheres makes
the brain slightly asymmetrical. Different aspects of anatomical symmetry/asymmetry of human
brain were reported in a number of works. For example, Minoshima et al [36] developed a bilateral
reduction of metabolic activity in parietal, temporal and prefrontal regions for diagnosing the
Alzheimer’s disease based on surface projection in PET brain images.

A method for analysis and visualization of cerebral brain asymmetry was reported by Marias
et al [37], who used a linear snake modal to extract fissure lines in each slice, and then fit a plane
to these lines by orthogonal regression in MRI and CT brain images. The main advantage of this
feature based methods is that they are robust to abnormalities and morphological interhemispheric
differences because they do not assume symmetry. But some of these existing approaches are sensitive
to the outliers in the extracted features.

Blatter et al [38] developed intensity gradient based method to detect a gross volumetric
asymmetries in hemispheres in total, brain compartments and in different intracranial structures from
the MRI brain images. Mangin et al [39] applied the shape bottleneck algorithm and detected MSP to
disconnect the left and right cerebral hemispheres (CH), cerebellum (CB), brainstem (BS) and various
brain compartments in MR brain images. The hemispheric asymmetry in cerebral grey and white
matter volumes from MR brain images was measured in the method reported in Maes et al [40]. The
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Table 1. Summary of the existing mid-sagittal plane (MSP) based methods and approaches for brain
symmetric and asymmetric analysis.

Methods Techniques used Image modality
[11] Hough transformation MRI
[13] Line fitting algorithm MRI
[14] Edge and cross correlation methods MRI, PET, SPECT
[15] Block matching procedure MRI, CT, PET, SPECT
[16] Linear stereotaxic registration and template matching MRI
[17] Based on similarity measures MRI
[19] Local symmetry histogram based outlier removal MRI, CT
[20] Feature based approach 2D and 3D MRI
[21] Kullback and Leibler’s measure MRI, CT
[22] Graph cuts algorithm T1-weighted MRI
[23] Parallel line fitting and correlation MRI
[24] Similarity measure and optimization technique MRI
[25] Heuristic maximization method 3D MRI
[26] Anatomy corrected asymmetry index (ACAI) FDG-PET
[12] Edge based technique and multi scale correlation 3D MRI,CT
[27] Intensity based cross correlation approach 3D MRI
[28] Intensity based reflection approach MRI, CT, PET, SPECT
[29] Edge based and Hough Transformation method CT
[30] 3D rigid registration method, greedy search algorithm MRI
[31] Kullback-Leibler’s measure, surface deformation MRI
[32] GPU-K Dimensional tree algorithm, 3D edge registration MRI
[34] Random regression forest method T1 weighted MRI
[35] Curve fitting method T1, T2 and PD Weighted MRI

grey and white matter segmentation was conducted through non-rigid registration with the labeled
template image from the MR brain image and found the difference between grey matter volumes in
left and right hemispheres. But, this automatic method is not applicable to neuro-images where a
large lesion is present. Amunts et al [41] has found that an asymmetry in the depth of central sulcus
has its relationship with handedness and gender in MR brain images. On other hand, there are several
research group also tried to quantitatively estimate brain asymmetries. Lee et al [42] investigated
hemispheric asymmetry and calculated the fractal dimension (FD) of the 3D skeletonized volume,
which represented the cortical folding pattern using the measured volumes of gray matter and white
matter and obtained the hemispheric asymmetries of each measurement from the MRI images.

A method proposed by Zhao et al [43] is based on extended shape bottleneck algorithm
and partial volume estimation. This method improved the accuracy of the brain hemispheres
segmentation in 3D MRI brain volumes. Grigaitis and Meilunas [44] proposed cellular neural
networks method to analyze symmetry plane of the brain image. This method detected the
symmetrical plane by using registration between hemispheres based on gray distribution from the
binary image.

Zhao et al [45] proposed an automatic novel method based on Adaptive Disconnection method
to segment the 3D MRI brain volume into the left and right cerebral hemispheres, the left and right
cerebellum and brainstem by using the partial differential equations (PDE) and shape bottlenecks
algorithm. This PDE algorithm detects and disconnects the shape bottlenecks between the wanted
compartments without the aid of stereotaxic registration by using partial volume estimation (PVE)
algorithm.

A method proposed by Coupé et al [46], is based on a nonlocal label fusion. The labels are
obtained from multiple templates and are weighted according to the Euclidean distance between
patch intensities. The brain anatomy segmentation accuracy was calculated using the patch size and
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Table 2. Summary of the other methods and approaches for brain symmetric and asymmetric analysis.

Methods Techniques used Image modality
[36] Surface projection PET
[37] Linear Snake Modal, Orthogonal regression MRI, CT
[38] Intensity gradient based method MRI
[39] Shape bottleneck algorithm MRI
[40] Non rigid registration and template matching MRI
[41] Central sulcus measuring 3D MRI
[42] Fractal dimension MRI
[43] Extended shape bottleneck algorithm and partial volume estimate 3D MRI
[44] Content based cellular neural networks method and image registration 3D, 2D MRI
[45] Adaptive disconnection method 3D MRI
[46] Non localized label fusion and template MRI
[47] NABS method and patch based multi template segmentation T1 Weighted MRI

number of training subjects. The result comparisons carried out between appearances based method
and the template based method in MR brain images.

Romero et al [47] presented an accurate and fast patch based multi template brain segmentation
method, termed NABS (Non-Local Automatic Brain Hemisphere Segmentation), for segmenting
cerebral and cerebellar hemispheres and brainstem from T1- weighted MR brain images. This NABS
method was used to accurately delineate brain structures in healthy subjects across a wide range of
ages. The main novelties of this new cost efficient segmentation method is that the use of an optimized
multi-label block-wise label fusion strategy specially designed to deal with the classification of main
brain compartments, which significantly reduces the method complexity, and an extensive validation
of this methodology.

The symmetry/asymmetry analysis using other methods and approaches along with the
technique used and image modalities applied is summarized in Table 2.

Most of these existing methods are applicable to MRI brain images and are also sensitive to
image noises, imaging artifacts such as aliasing and orientation deviations. Therefore, there is
a greater need to develop an automatic, efficient and robust computational method to quantify
the symmetry/asymmetry of human brain images from different imaging modalities for various
biomedical and neuroscientific applications.

3. Conclusions

Brain symmetric/asymmetric analysis is an important tool and automatic methods for computer
assisted diagnosis of many brain related disorders such as Schizophrenia, Alzheimer’s disease,
Tumor, Lesion, etc. require accurate interhemispheric segmentations. Moreover to automated
detection of Mid-Sagittal Plane in various brain imagery is very useful for multitude of biomedical
and neuroscientific applications. In this paper, we have analyzed and reviewed the existing
computational methods developed and used for brain symmetric/asymmetric analysis with imagery
obtained from different neuroimaging modalities. All these existing methods are still in its infancy,
more efficient and robust methods are need to be devised to work with the images of different
imaging modalities. Moreover, due to limitations in the imaging mechanisms of the human brain
these methods need to be robust to noise, and other imaging artifacts.
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