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Background: Positron emission tomography (PET)/computed tomography (CT) with ["°F]
fluorodeoxyglucose {[*FJFDG} has been shown to be an effective imaging method for the lateralization
and localization of epilepsy. However, the efficacy of PET/CT image processing and analysis needs to be
improved for clinical application. Our previous research proposed a novel atlas-based image method for PET
brain image segmentation and quantification; in this study, we evaluated its effectiveness in clinical patients.
Methods: For image segmentation, a head anatomy template was registered to the subject image by
integrating dual-modality image registration and landmark-constraint. The localizations of abnormalities
were examined by quantitative comparison using the collected database. The PET/CT images of
20 reference patients and 11 patients with epilepsy were used to compare results between the proposed
manual method and statistical parameter mapping (SPM). A dice coefficient analysis was performed on the
six central brain regions to assess the segmentation effectiveness, and the diagnostic results of the epileptic
regions were examined using pathological results as a reference.

Results: The dice results of the proposed method were generally higher than those of SPM, with the
averaged dice values for the proposed method and SPM being 0.78 and 0.55, respectively, in the reference
group (P<0.001), and 0.73 and 0.48, respectively, in the epileptic group (P<0.001). Our proposed method
detected all the pathologically reported epileptic defects; however, using the visual assessment method,
epileptic defects were missed in three patients. Both the proposed and visual assessment methods incorrectly
identified non-epileptic areas as epileptic areas.

Conclusions: The results provide strong evidence of the feasibility of using our proposed method for
accurate brain region segmentation in the diagnosis of epilepsy. Our atlas-based approach has promise for

clinical application in the image processing and diagnosis of patients with epilepsy.
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Introduction

Epilepsy is a disorder that results from the disruption of
central nervous system function. Between 0.5 and 1% of the
global population suffers from epilepsy (1). Epilepsy usually
causes the patient to experience recurrent seizures due to
disrupted nerve cell activity. Most patients with epilepsy
can control their condition with medication; however, one-
third of patients have drug-refractory epilepsy (2). For
these patients, accurate localization of the epileptogenic
foci with medical imaging and subsequent neurosurgery
can eliminate or mitigate seizures. As a functional imaging
method, positron emission tomography (PET)/computed
tomography (CT) has the unique capability to image
cerebral metabolism (3). The most common PET/CT
brain imaging agent, [*F]fluorodeoxyglucose {["*F]FDG},
uses parameters such as the metabolic rate of glucose in the
brain and the standard uptake values to diagnose epilepsy.

In clinical practice, visual interpretation is widely used
as a subjective method to evaluate PET/CT images in
epilepsy. The results largely depend on the experience
of the diagnostician; thus, this method has a number of
disadvantages, including that it is highly subjective and
difficult to explain (4). To achieve an objective evaluation,
the intracerebral asymmetric index (Al) measurement
method uses brain areas on the normal side of the same
patient as a reference for assessing the epileptic status of the
other side. Mirror-image regions of interest (ROIs) of the
same size, shape, and area are drawn in the epileptic and
normal areas of the brain, and their average standardized
uptake value (SUV) and Al value are calculated (5).
However, the Al method relies heavily on the physician’s
diagnostic experience and has poor repeatability (5,6).

To address the limitations of the AI method, eliminate
the subjective errors, and provide visual reports for
comprehensive preoperative evaluation of patients with
epilepsy, a series of methods based on standard brain
mapping have been proposed. Currently, statistical
parameter mapping (SPM), Scenium software, and
MIMneuro software (7-9) are the most commonly used
tools for brain image processing and analysis. Under these
methods, a patient’s images are registered to a standard
brain template, and the data are compared to data from
a standard database to diagnose epilepsy. The voxel-
based automatic processing and analysis of these methods
have increased their objectivity and repeatability (10-12).
However, due to the anatomical variation characteristics of
individual brains, spatial mismatch problems occur often
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when these methods are used. In SPM and Scenium, such
problems affect the subsequent quantitative analyses of
sub-brain regions; however, the MIMnero software has
the advantage of relying on standardized PET template
registration and is thus a good choice for routine clinical
studies, especially when individual magnetic resonance
imaging (MRI) data are not available (7,13). Nevertheless,
this quantification method is vulnerable to spillover effects,
and it cannot completely avoid white matter interference (7).

In recent years, deep-learning and radiomics-based
analysis and diagnostic methods have attracted extensive
attention, owing to their ability to uncover the hidden
information in digital images and potentially improve the
accuracy of diagnosis, prediction, and classification (14).
Abbasi et al. summarized machine-learning applications in
the automatic detection of epilepsy, the analysis of image
and clinical data, the localization of epilepsy, and the
prediction of medical and surgical results (15). Studies have
been conducted to establish radiation histological prediction
models for low-grade glioma-related epilepsy based on MRI
data, thus enabling the individualized treatment of patients
with this type of epilepsy (16-19). Zhang et al. proposed a
Siamese convolutional neural network based on cube pair
for the accurate localization of epileptic foci, and then used
the Al to automatically calculate and predict the degree of
metabolic abnormalities of the foci (20). However, there
are also several potential obstacles to the use of machine-
learning applications, including the size of the training
data set, the accuracy of the referenced label, confounded
clinical variables, and variability in data collection and
interpretation (21-23).

To meet the requirements for personalized whole-
brain modeling, we previously developed an atlas-based
method incorporating local anatomical landmarks and
dual-modality information to segment brain volumes of
interest (23). Under this method, the inaccurate registration
caused by anatomical variations of individual brains could
be avoided (24). To the best of our knowledge, this is the
first study to investigate the effectiveness of this method
for the localization and diagnosis of epilepsy using clinical
PET brain imaging. To evaluate our proposed method,
its registration and segmentation accuracy was compared
against that of manual operation and SPM software, and its
epileptic foci localization accuracy was compared to that of
visual assessment by experienced physicians. We present the
following article in accordance with the MDAR reporting
checklist (available at https://qims.amegroups.com/article/
view/10.21037/qims-21-1005/rc).
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Methods
Brain segmentation and quantification method

To achieve accurate head structure segmentation, we
registered a high-quality mesh-based head anatomy
template (25-27) from a fused PET/CT image of each
participant and used this template to segment the head
image accordingly. This template was in the form of a
polygonal surface mesh and was converted into a volumetric
label image for registration with the fusion image from
dual-modality PET/CT.

If an atlas contains the whole head (i.e., the skin and skull
structure in addition to the brain), then the skull structure
information can be used to achieve a more accurate result
during registration to the skull structure in the CT image.
Thus, unlike conventional atlas-based image segmentation
that uses only an image of the brain, our proposed method
uses a head atlas containing the entire skull structure as
the segmentation template to achieve more accurate and
robust brain alignment. As none of the existing brain atlases
include the skull structure, we used the freely available
BodyParts3D (25) model for whole-head anatomy modeling
and replaced its brain structures with the Chinese 2020 (26)
atlas for accurate brain anatomy representation. The
combined template was converted into a volumetric image
with a 1.0-mm voxel size, and the voxel intensities were
assigned according to the representative CT values of the
head structures.

For image registration of the atlas template, the fused
PET/CT images served as the target images, and the
atlas images served as the moving images. Intensity-based
registration can be used to accurately match the global
organ structure while ignoring local anatomical details
(28-30). Landmark-based registration can accurately register
the image details around the anatomical landmark but does
not use the intensity information of the image, which leads
to inaccuracies in global registration. To examine both the
global and local anatomical structures, a landmark intensity
combination strategy that used both image intensity- and
anatomical landmark-based registration was adopted. These
two registration operations were performed separately to
obtain both the global and local deformation fields, and
then they were combined to generate the final deformation
field that was used to warp the atlas template for brain area
segmentation.

In relation to landmark definition, which is a prerequisite
step for atlas registration, we used a Deep Q-Network
(31-34) to detect the center points of the small brain regions
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and used them as key landmarks to guide the registration
of the small brain structures. The following six ROIs were
defined as landmarks in the central brain: the left and right
thalamus (THA_L and THA_R), the left and right caudate
nucleus (CAU_L and CAU_R), and the left and right
putamen (PUT_L and PUT_R). The peripheral regions
in the grey matter were not used as landmarks, as they
had already been registered accurately through the dual-
modality intensity-based registration.

After brain segmentation, a voxel-based PET quantitation
database, which included the mean and standard deviation
(SD) of the SUV, was used to quantify the PET images of
the participants. The database was constructed based on
brain PET image data collected from 116 patients, whose
ages ranged from 24 to 81 years. None of the 116 patients
had a previous history of brain disease or neurological
disorder, and the PET/CT images of their brains were
considered normal based on an analysis by a physician. To
exclude diseased hypometabolic and activated pixels, the
SUVs of the PET images of each patient were normalized
to the same range based on 40-90% of the original SUVs.
The mean and SD of the normalized SUV for each voxel
were stored in the database for further evaluation. To test
each voxel of each patient’s image, the SUV was compared
to the mean value in the database. Voxels that had an SUV
that deviated by >2.5 SD (35) were marked as abnormal.

Data preparation

We retrospectively evaluated our method in 36 randomly
selected patients who underwent [*F]JFDG-PET/CT
scans at The First Affiliated Hospital of Fujian Medical
University. All personal information of the patients was
removed. This study was conducted in accordance with
the Declaration of Helsinki (as revised in 2013), and was
approved by the Institutional Review Board of The First
Affiliated Hospital of Fujian Medical University. The
requirement to obtain individual consent was waived for
this retrospective analysis.

Of the 36 patients selected, 11 had pathologically
confirmed epilepsy, and the other 25, who had no previous
history of neurological disease and potential epilepsy, were
treated as a reference group. The age of the patients in the
reference group ranged from 18 to 83 years, and that of the
patients in the epileptic group ranged from 9 to 44 years.
All the patients fasted for at least 6 hours, and their blood
glucose levels were monitored (<200 mg/dL). The patients
were then injected with 3.7 MBq/kg [*F]FDG, and left to
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rest with their eyes closed in a dark and quiet environment
for a 40-minute uptake period. The PET data were acquired
on a clinical PET/CT system (SIEMENS Biograph64
mCT, Siemens Healthcare, Erlangen, Germany) with a
head holder, using a 10-minute bed position and three-
dimensional whole-head acquisition. The primary energy
window was set between 435 and 650 keV. All the patients
underwent unenhanced low-dose CT (120 kV, 150 mAs) for
attenuation correction and anatomical reference. The PET
images were reconstructed into coronal-transaxial-sagittal
orientation slices (400x400x222 matrices with a voxel size
of 0.102 cm) with vendor-provided software using a TrueX
(high-definition PET) method that incorporated system
spatial-resolution, scatter correction, random correction,
decay correction, and CT-based attenuation correction.

Analysis of the segmentation results

To investigate the accuracy of the brain region
segmentation, sex regions (THA_L, THA_R, PUT_L,
PUT_R, CAU_L, and CAU_R) were selected as the ROIs
for all 36 patients. The six regions were manually delineated
using I'TK-SNAP software (36) (version 3.6.0) by a nuclear
medicine physician who is a specialist in epilepsy diagnosis
and has extensive neuroimaging experience. Manual
segmentation was conducted by an operator, who was
blinded to the other information, and the results served
as the gold standard for evaluating both our proposed
method and the SPM software (9) (version 12). For the
SPM process, we first co-registered the CT images with the
PET images of each patient, and co-registered the “transm”
template (37) with the Neuromorphometrics atlas (38),
which was provided by the SPM software. The “transm”
template was aligned and registered to the CT image of
each patient to generate the deformation information
between them using mutual information as the objective
function of the registration. The deformation information
was then used on the Neuromorphometrics atlas to co-
register it with the PET and CT images. As a result, we
obtained specifically matched segmentation results for the
PET images.

The dice coefficient of each selected brain region was
used to quantify the segmentation accuracy of the proposed
method and SPM results using the manual delineation as
the reference standard. The following formula was used:

(1]
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where X is the mask of the specific brain region of the
different methods (i.e., the proposed method or SPM),
and R is the mask of the referenced manual method. For
both the reference and epileptic groups, the dice results
of each method in each region were averaged to obtain an
overall evaluation metric (DICE-A), and a paired #-test
was conducted on the DICE-A to assess the statistical
significance of the proposed and reference methods using
the following formula:

(x-x,)
(s, )2 +(s, )2

n

=

(2]

where x,, x,, and s,, s, are the mean value and SD value of
the two different paired groups, and n is the number of
each group. The P value was derived from the t-distribution
table after the t-value had been obtained.

Additionally, for all three methods, we calculated the
average SUV (SUV-A) of each ROL The SUV of each ROI
was averaged for both patient groups to obtain the SUV-A
to evaluate quantification efficacy of the three methods.

Analysis of diagnostic results

The diagnostic and localization results obtained using
the proposed method were compared to those of visual
assessment by physicians and the pathological results
for the 11 patients who had a clear diagnosis of epilepsy.
The visual assessments were conducted by two nuclear
medicine physicians who have extensive neuroimaging
experience. Areas of low metabolic intensity in the PET
images were considered abnormal, and their locations
were recorded. The pathological results were derived from
the results of brain samples taken after comprehensive
clinical diagnosis (e.g., by stereoelectroencephalography
or intracranial electroencephalography) and served as the
gold standard for diagnosis. For the proposed method, a
voxel-based quantitation analysis of each PET/CT image
was performed, and voxels with an SUV deviation of >2.5
from the mean value of the standard database were marked
as abnormal. The [*F][FDG-PET images were also visually
assessed by two experienced physicians, who marked the
brain regions they believed to have abnormalities as a result
of epileptic defects.

Results

Figure 1 shows the segmentation results of the six selected
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Figure 1 Segmentation results of the six selected brain regions from one sample patient with epilepsy (left) and one sampled reference

patient (right) using the proposed method, SPM, and the referenced manual method. SPM, statistical parameter mapping.

brain regions from one sample patient with epilepsy and one
sample reference patient using our proposed method, SPM,
and the referenced manual method. Both the proposed and
the SPM method located the six brain regions correctly,
but the segmentation results of the proposed method were
more similar to those of the referenced manual method.
The segmented caudate nucleus and shell nucleus regions
were smaller with SPM than with the manual and proposed
methods, whereas the segmented thalamus region was
bigger.

The dice coefficient results are set out in Figure 2, and
the averaged DICE-A results are set out in Figure 3. In
general, the dice results of the proposed method were
higher than those of SPM, with the average dice values for
the proposed and SPM methods being 0.78 and 0.55 in the
reference group, respectively (P<0.001), and 0.73 and 0.48
in the epileptic group, respectively (P<0.001). Compared
to SPM, the proposed method improved the dice value by
41.31% and 52.18% in the reference and epileptic groups,
respectively. In terms of the different brain regions, the
DICE-A results of the proposed method were significantly
higher (P<0.05) than the SPM results for all regions except
for the left putamen region in the epileptic group, for
which the proposed method had higher DICE-A results
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but the difference was not significant (P>0.05). As Figure 2
shows, the dice values for both methods were higher in the
reference group than the epileptic group. The distribution
of the dice results for SPM was more discrete in the caudate
nucleus region than in the other regions for both epileptic
and reference groups, while the results of the proposed
method were distributed more consistently across all six
regions.

The SUV-A results are shown in Figure 4. In the
epilepsy group, the SUV differences for the SPM method
relative to the referenced manual method were 25.33%,
28.94%, 15.14%, 14.17%, 38.71%, and 34.54% for
the CAU_R, CAU_L, PUT R, PUT_L, THA_R and
THA_L regions, respectively, and those for the proposed
method were 8.35%, 8.80%, 7.55%, 3.68%, 3.17%, and
3.03%, respectively. In the reference group, the SUV
differences for the SPM method relative to the referenced
manual method were 27.25%, 22.20%, 7.95%, 11.21%,
31.81%, and 22.40% for the CAU_R, CAU_L, PUT_R,
PUT_L, THA_R, and THA_L regions, respectively, and
those for the proposed method were 6.70%, 1.57%, 0.91%,
0.21%, 7.01%, and 7.01%, respectively. The quantification
results of the proposed method were close to those of the
referenced method, especially in the PUT regions, while
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Figure 2 Dice coefficient results of the six selected regions using the proposed and SPM methods for 11 patients with epilepsy (top) and 25
reference patients (bottom), respectively. SPM, statistical parameter mapping; THA_L, left thalamus; THA_R, right thalamus; CAU_L, left
caudate nucleus; CAU_R, right caudate nucleus; PUT_L, left putamen; PUT_R, right putamen.
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Figure 3 The DICE-A of the six selected regions using the proposed and SPM methods for the epileptic (left) and reference (right) groups,
respectively. SPM, statistical parameter mapping; CAU_L, left caudate nucleus; CAU_R, right caudate nucleus; PUT_L, left putamen;
PUT_R, right putamen; THA_L, left thalamus; THA_R, right thalamus; DICE-A, averaged dice results.

the SPM method results deviated more from those of the
reference method, especially in the THA regions.

Figure 5 shows a sample diagnostic result using the
proposed method; the blue region is the abnormal area
suggested by the proposed algorithm. Tuble 1 shows the
diagnostic results using the proposed method, visual
assessment, and pathological examination. Notably, among
the 11 patients with epilepsy, all the pathologically reported
epileptic defects were detected by our proposed method,
whereas visual assessment missed epileptic defects in three
patients (patients no. 2, no. 4, and no. 5).
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Discussion

Images obtained by PET/CT play an important role in
the diagnosis and localization of epilepsy. Accurate brain
region segmentation and precise detection and localization
of metabolic abnormalities on PET/CT images, aided
by image processing algorithms, are key steps in epilepsy
diagnosis and treatment. However, current clinical software
for such processing is limited in terms of its accuracy for
brain region segmentation and its precision for abnormal
region localization. The present study sought to investigate
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Figure 4 The SUV-A of the six selected regions for each group of patients using the SPM, proposed, and manual methods for the epileptic

(left) and reference (right) groups, respectively. SUV, standardized uptake value; CAU_L, left caudate nucleus; CAU_R, right caudate
nucleus; PUT_L, left putamen; PUT_R, right putamen; THA_L, left thalamus; THA_R, right thalamus; SUV-A, averaged SUV.

Patient no. 2

Figure 5 A sample PET image from patient no. 2 showing the diagnostic results using the proposed method. The blue region is the

abnormal area suggested by the proposed algorithm. PET, positron emission tomography.

the effectiveness of applying our previously proposed atlas-
based method for brain region segmentation in the PET/
CT-based diagnosis of epilepsy by evaluating its ability to
accurately segment brain regions and automatically identify
metabolically abnormal brain regions.

From the evaluation results, we noted that the dice
coefficients obtained with our proposed method were
generally higher than those obtained with the SPM software
in all selected regions in both the reference and epileptic
groups. The proposed method had relatively high dice
coefficient values in both the epileptic and reference groups,
with improvements on the average dice values of 51.63%
and 36.52%, respectively. However, in the reference group,
the distribution of the dice results for SPM was more
discrete in the caudate nucleus region than in the other
regions. The thin and long structure of the caudate nucleus
may be the cause of this phenomenon. In the epileptic
group, the dice values showed broad dispersion across all
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six brain regions with a wide range of distribution, which
demonstrates that SPM lacks robustness for images with
abnormalities in the intensity of brain regions.

Given the good performance of our proposed method in
brain region segmentation, the integration of dual-modality
image registration and landmark constraint is potentially
an effective way to improve the accuracy and robustness
of brain structure segmentation (24). In relation to dual-
modality atlas registration, our segmentation method takes
advantage of both the prior anatomical knowledge in the
atlas and the dual-modality information in the target image.
The use of the atlas guarantees a robust performance,
even when the image includes abnormal brain uptake (e.g.,
uptake in patients with epilepsy), and the combination
of dual-modality atlas registration helps to achieve more
accurate alignment at the skull-brain border. Further, the
entire workflow is fully automatic and does not require any
manual intervention, which increases its convenience and
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Table 1 Diagnostic results of visual assessment, pathological
examination, and the proposed method

Patient
no.

Location

Visual
assessment

Pathology

Proposed
method

1

Left hippocampus
Left temporal lobe
Right occipital lobe
Right parietal lobe
Right frontal lobe
Left Hippocampus
Left temporal lobe
Right hippocampus
Right temporal lobe
Right parietal lobe
Right occipital lobe
Left temporal lobe
Right thalamus

Left frontal lobe
Left temporal lobe
Lenticular nucleus
Right frontal lobe
Right temporal lobe
Right frontal lobe
Right parietal lobe
Right temporal lobe
Right hippocampus
Right frontal lobe
Right temporal lobe
Cerebellum

Left occipital lobe
Left parietal lobe
Left temporal lobe
Right temporal lobe
Right hippocampus
Right temporal lobe

Right occipital lobe

J
J

R S

P

J

L N .

J

<

<Ll L & <&

S N S

Table 1 (continued)
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Table 1 (continued)

ss.tlent Location ass\gi::":ent Pathology Pr?eagzzd
9 Left temporal lobe J J J
Left parietal lobe J J J
Left occipital lobe J J N
10 Right temporal lobe J J N
Right frontal lobe J
Right hippocampus J J J
Cerebellum J
11 Right frontal lobe J J N
Right parietal lobe J N
Right temporal lobe J J N
Right thalamus J
Right hippocampus J J J

the ease with which it can be used in clinical applications.
To analyze the performance of our proposed method
with regard to the image intensity-based automatic
detection and localization of epileptic foci, we used a
database constructed from normal patients as a reference
and assessed abnormalities in the images of patients with
epilepsy by examining the SUV deviations. From the results
of the 11 test patients, all the epileptic foci were detectable
using our method, while missed diagnoses (false negatives)
occurred using the manual visual judgment method in
three patients. We checked the pathology results of these
three patients and observed that their epileptogenic foci
were relatively small, which may be why they were missed
in the visual assessments. The incorrect identification of
non-epileptic areas as epileptic areas occurred with both
our proposed method and the visual assessment method
(e.g., patients no. 7 and no. 8). Both visual assessment and
our method had better detection rates than did detection
based on pathological results. This finding may be due
to the fact that the size of abnormal metabolic regions in
PET is usually larger than the size of the true lesion, and
because not all abnormal metabolic regions are necessarily
epileptic lesions, which can lead to some bias between visual
assessment and image intensity-based automatic diagnosis
and the true pathological results. In clinical diagnosis, while
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a false positive is also a misdiagnosis, unlike a false negative,
it ensures that all epileptic areas are detected and the patient
is referred to the physician for further confirmation. For
this reason, we ensured that there were no false negatives in
the present study by adjusting the selection range of the SD
during the dataset comparison.

As can be seen in Table 1, only the lobes of the patients
with epilepsy were indicated in the results, but the results
of the brain regions are not shown in more detail. The
reason for this is that the study was designed to analyze the
effectiveness of the different methods in diagnosing epilepsy,
and the physicians were only asked to label the lobes in which
epilepsy was observed when analyzing the results. The results
in the 7able 1 also show the differences in the diagnostic
results between the methods. If the epilepsy occurred at the
junction of two lobes, both lobes were marked in the table.
Notably, such results do not show the epileptic areas in more
detail. Thus, in future studies, we will compare and analyze
the effectiveness of different methods for diagnosing and
localizing epilepsy in a more detailed manner.

Our study had several limitations. First, for the
segmentation accuracy assessment, only six central brain
regions were evaluated; whole brain areas were not
evaluated due to the lack of clarity in other brain regions
and the low resolution and contrast of PET/CT images.
Further, the database used for epilepsy diagnosis and
localization comprised data collected from one center, while
the patient data used as the testing data were collected
from a different center. The mismatch between the data
from the different centers may have affected the accuracy
of the quantification results (39). The implementation of
a multi-center effect compensation algorithm to improve
the accuracy of the quantification results is an issue that
needs to be addressed in the future. Additionally, there
was a large mismatch between the age of the patients used
to create the database and the age of the test patients with
epilepsy; this age difference may also have led to inaccurate
quantification. The collection of more data to create a
larger database is a future research task. Furthermore,
cases in which the distance between the skull and the brain
parenchyma was significantly larger due to brain atrophy
were not included in our study; thus, the effectiveness of the
proposed method has not been validated in such patients.
In future studies, we will investigate cases with structural
differences due to brain atrophy or traumatic brain injury to
further improve our method. Moreover, the application of
deep-learning techniques for the diagnosis and localization
of epilepsy has been proposed by another research team (20).

© Quantitative Imaging in Medicine and Surgery. All rights reserved.
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However, the training labels used in their deep-learning
method were obtained by manually labeling the areas with
visually low metabolic activity on PET/CT images without
comparison to the gold standard of pathological results. In
a future study, we plan to further combine the pathological
results with those of manual recognition to perform a
comparison of our proposed method with deep-learning
algorithms to investigate how to achieve more accurate
localization and diagnosis of epilepsy.

Conclusions

Our proposed atlas-based approach enables the accurate
segmentation of [""FJFDG-PET/CT brain regions and
the accurate and effective identification and localization
of epileptic foci. This method has great potential value
for future application in the image processing and clinical
diagnosis of patients with epilepsy.
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