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Abstract—We propose an objective segmentation method for of such misunderstandings of the meanings of categorized
Magnetic Resonance (MR) images of the brain using self- tissues have arisen [1].
mapping characteristics of one-dimensional Self-Organizing Comparative readings were performed to diagnose newly
Maps (SOM). The proposed method requires no operators . .
to specify the representative points, but can segment tissues ger)erated lesions and the tlme—dependent c.hange.of known
(such as cerebrospinal fluid, gray matter and white matter) lesions, but the danger remains of overlooking lesions that
needed for diagnosis of brain atrophy. Doing clinical image overlap with normal structures [2]. After adjusting the reg-
experiments, we demonstrate the effectiveness of our method. istration of images obtained on different days, studies in-
As a result, we can obtain segmentation results that agree \egiigating processing of the different image intensity values

with anatomical structures such as continuities and boundaries h Iso b tt ted. N thel that t
of brain tissues. In addition, we propose a Computer-Aided ave also been atlempted. Nevertheless, that process presents

Diagnosis (CAD) system for brain dock examinations based the problem in which a false image is generated because
on the use case analysis of diagnostic reading, and construct of image registration mismatches in details and changes of
a prototype system for reducing loads to diagnosticians that intensity based on interpolating image positions [3]. With a
occur in quantitative analyses of the extent of brain atrophy. working group that examined variation of diagnostic read-

Through field tests of 193 examples of brain dock medical . L - . s
examinees at Akita Kumiai General Hospital, we also present N9 abilities within numerous physicians’ clinical facilities,

the prospect of efficient support of diagnostic reading in the large variation was found among diagnoses using cerebral
clinical field because the aging situation of brain atrophy is blood flow Single Photon Emission Computed Tomography

readily quantifiable irrespective of diagnosticians’ expertise. (SPECT). The accuracy of diagnostic reading of MRI is
inferior to SPECT, and as dispersive factors, experiences
. INTRODUCTION in diagnostic reading and difficulties for differentiation have

. . . oth been reported [4].
With recent progress of modalities such as Magnetic FlegJ Reports of Computer-Aided Diagnosis (CAD) using MR

onance Imaging (MRI) and X-ray Computed Tomograph)érain images include only the following studies: a detection

(CT), a large amount of high-resolution medical image . . . .

have been produced at clinical sites. These medical imag@éethOd of the lacunar region using T2-weighted 'mages
fulfil a large role for diagnosis of various diseases. Imag ro_pos_ed by Yokoyama et al. [5], automate(_j extraction .Of
obtained by MRI clearly depict soft tissues. For that reaso rain _tlssues by T_ada et al. [6].’ and_ extract|c_)n boundar_les
MR images have served as an important information sourgé brain tumors using a three-dimensional region expansion
for image diagnosis of head areas, the abdominal regio cheme_by Ueno e.t al. [7]. Most segmgntaﬂon techmq_ues
etc. Brain matter, as assessed by MRI, can generally élve relied on mth-spectra} characteristics of the MR im-
categorized as White Matter (WM), Gray Matter (GM), cere29¢s: _although a feyv studies have repo_rted seg_mentahon
brospinal fluid (CSF), or vasculature. Most brain structure]%o.m.Smgle'Ch‘emnel IMages. In many chmcal_ applications,
are defined anatomically according to boundaries of theﬁIS .|mportant to classify t|s§ues oqu from smgle-channel
tissue classes. Therefore, a method to segment tissues i 8 images [8]. By segmenting brain tissues into separate

these categories is an important step in quantitative braifid'ons for diagnosis such as the extraction of objective

morphology. For example, in relation to brain dock exami®’9an and disease region, the development of new application

nations, which have become more common recently in Japa{ﬁchnologles is anticipated. However, these remain dependent

diagnosticians have diagnosed the existence of brain diseaggrsnmatneura.lmieségann?;osnz' teEcvrfr?' Wgz ;:3 I\rﬂeéigtchpr:g%ressar?;
(brain tumor, cerebral hemorrhage, cerebral infarction, etc: N Fl):; ) L)I i%t ; t)i/nl lini Iliudi n automated rgly,th d
using MR images of several decade slices obtained un prisiaerabie Interestin clinical studies, an aufomated metho

different conditions. Because MR image characteristics ar irnizgiqu?entatlon of brain tissues remains unavailable for
very complicated, diagnosticians in clinical fields cannot suft We rts)e;)se a seamentation method of MR brain im
ficiently utilize the information of MR images. Actual cases prop S€9 . I

ages that emphasizes self-mapping characteristics of a one-
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Fig. 2. Segmentation method of brain tissue.

Although the human brain atrophies with age [10], [11],
brain atrophy reportedly correlates not only with aging but Fig. 1. Brain tissue segmentation method.
also with risk factors of cerebrovascular disorders such as
drinking and high blood pressure [12], [13]. In addition, usual
aging alteration must be differentiated from unhealthy brain
atrophy because numerous deformative diseases co-exist wit|
brain atrophy such as Alzheimer’'s and Pick’s diseases. That
is to say, brain atrophy evaluation is an important index of : :
brain image diagnosis. The cerebral parenchyma is compose( <~~~ % T o TR
mainly of WM, with GM. The GM consists of neuronal cell
bodies, and the WM consists of nerve fibers. The GM volume
decreases with age, but the WM volume does not always
decrease with age, because of the change of the blood vess:
circumference structure [14]. Therefore, it is required that
GM and WM be classified in addition to CSF, which shows
the extent of atrophy when brain atrophy is evaluated using
image analysis. Nevertheless, it is not easy to evaluate brair:
atrophy objectively, diagnosticians have been diagnosing it
subjectively based on their respective experiences.

Morphological diagnoses of the brain using MRI carry out
investigations that evaluate brain atrophy using the region I1l. PROPOSEDMETHOD
of interest and the representative cross section interactively.The proposed method requires no specification of repre-
Emphases of those methods engender many problems sgehtative points by the operator. It segments brain tissues by
as the following. The subject comes in for the selectiogelf-learning of the image properties, such as the brightness
of the cross section used as the region of interest amfistribution, the edge, and the texture information. This
analysis, and changes in areas outside the setting regigthod has the feature that regions with obscure boundaries
are not examined. In addition, much time depends on thgetween tissues can be segmented on the basis of topological
analysis: handling numerous data in interactive analyses risapping the feature parameters exhibited in the MR image.
not possible. As the most representative tool to analyze thhe representative index slice was chosen to sample cortical
morphological change of the brain automatically, there i&M, WM, central GM structures, and ventricular CSF.
Statistical Parametric Mapping (SPM), developed by Friston The procedures are as follows.
etal. [15] Itis possible for SPM to detect local morphological STEP 1: Eliminate the scalp and skull regions from
changes of the brain for research purposes. However, ittise index image in order to obtain the target image for
difficult to use SPM to carry out sufficient analyses in brairsegmentation. We first threshold the gray level image using
images with the gap depicted in usual clinical situationsDtsu’s Method [16] based on characteristics of the brightness
Therefore, an image of thin slice thickness (about 1.5 mm) Inistogram, and extract the largest object in the threshold
three-dimensional imaging and interpolation without a gap ignage of slice as the target image. Nevertheless, cases exist
required for SPM. in which the removal of the skull and scalp region is difficult

Automatic processing by the simple operation of inputtindgpecause of individual differences in brain structure and the
MR images is very important for use of this method fordelicate change of the image characteristics. In this case,
objective evaluation of brain atrophy in various clinical fieldghe target brain surface contour is extractable through the
in a setting such as the brain dock. In addition, because sifallest interaction with diagnosticians, as shown in Fig.
the difference between imaging parameters and strength tf Increase, decrease, and transfer of the nodes forming the
the static magnetic field, image quality and signal strengttontour of the brain surface can be realized through a simple
distribution of the MR image change greatly. Therefore, effimouse operation; in Fig. 1, these nodes are displayed in the
ciency improvement and optimization of diagnostic readingellow circle.
are required, considering variations among imaging devicesSTEP 2: The pixels under consideration are selected
and clinical facilities in addition to diagnosticians. randomly from the target image and the local block is defined
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Fig. 2. Window of adjusting the outline to brain surface.



as shown in Fig. 2. As feature parameters of the local block,
we calculate the average brightness value of the block, which| =
shows tissue continuity, differences of maximum brightness| :
values and difference of minimum brightness values thatl_
give tissue boundaries. The brightness of the pixel under
consideration and the calculated feature parameters are inpu
to the SOM to perform self-learning.

STEP 3: After learning, the mapping colors are deter-
mined on the basis of the weight vector of the pixel under
consideration to the average brightness value given as ong
feature parameter in the local block. The mapping colors are
based on the relative brightness in T2-weighted images of the
brain: Among the tissues in T2-weighted images, the CSF is
the brightest, followed by the GM, then the WM, and the
remainder is least bright. The mapping colors are defined
in the above order in accordance with the magnitude of the
weight vectors, and the map layer units are labeled. B L

STEP 4: The brightness values to be mapped are calculate
for all pixels in the target image. In determining the mapping
value of each pixel, the feature parameters used in learning
are input again to the SOM and the winner unit is determined.
Then, the brightness value is assigned based on the mappin
color that corresponds to the winner unit labeled in STEP3.
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IV. CONSTRUCTION OF ACAD SYSTEM FORBRAIN
IMAGE

Based on use case analysis of the first diagnostic reading
which concerns preparation of the diagnostic image report, a
prototype of the diagnostic image support system, the CAD
system for the brain dock, was constructed for use in our
proposed method. This CAD system has three characteristic
functions: a browsing function for use by the operator; a Fig. 4. Window of comparative diagnostic reading.
comparative reading function, which emphasizes relevance
to images in the diagnostic reading; and an image analysis
function, which maps image characteristics of the diagnostl® first, then choosing the study ID next in the order which
reading object. This CAD system produces medical imagé&sarches the series list of an object. In addition, the thumbnail
with header information that follows the Digital Imageimages show slice positions that can be arranged as desired
and Communication in Medicine (DICOM) 3.0 standardPy choosing a series ID that corresponds in the series list.
It renders all folders and files existing under smartMRI aghe example depicted in Fig. 3 shows a case in which the

browsing objects. axial image of the T2-weighted image was chosen.
. _ The original image is expanded and is displayed when
A. Browsing Function the slice image of the attention is chosen in the thumbnail

The top window of the browsing screen is shown irdisplay region. Simultaneously, anterior and posterior slice
Fig. 3. Analyses of all header information on the DICOMimages are displayed. A change of the slice position can be
files (MR brain images) existing under smartMRI are showrealized merely by clicking the anterior or posterior slice,
in the display window of Fig. 3. The upper part of thewhile the expanded original image is watched carefully.
browsing window includes the left side in each window of
the patient list, study list, and series list. The lower righB. Comparative Reading Function
side of the browsing window is a thumbnail display region. Comparative reading is undertaken by choosing the "com-
The left side of the lower area is a region that displays thearative reading” menu button of the browsing window. The
original image chosen in the thumbnail display region. Irtondition is switched to the comparative reading window
addition, it is possible to display anterior and posterior slicen an identical slice cross section (axial, coronal, sagittal)
images of the original image. On the patient list windowshown in Fig. 4. The left side in the window shown in
a condensed version of patient information as an object i§g. 4 is a T2-weighted image. The right side is the FLAIR
possible simply by selecting the patient age and sex from tlmage. In addition, both images are the same slice position
menu by adjusting the medical care purpose. The procedureidentical axial. When the object of comparative reading
of diagnostic reading is executed by choosing the patierg switched, comparative reading that optionally changes



@

Fig. 5. Segmentation sample of brain tissue: (a) original image, (b)
segmented image.
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| Fig. 7. Case B of diagnostic reading using our proposed method.
W
s A T2
wom B— TABLE |
o L2, il L) DETAILS OF AGE GROUPS AND SEX OF PEOPLE EXAMINED AT THE BRAIN
— DOCK.
Age-group | Male | Female| Total
30s 2 2 4
40s 30 17 47
50s 78 27 105
60s 22 10 32
70s 3 2 5
Total 135 58 193

Fig. 6. Case A of diagnostic reading using our proposed method.

image types, slice directions, modality, etc. is possible by Diagnostic reading of the analytical result can be exe-
choosing a corresponding series ID from the series listuted using the comparative reading function. Fig. 6 is an
which is displayed respectively in the upper parts of the leftxample showing the original image at the left side and the
window and right window. In addition, the change of thesegmentation result of the brain tissue at the right side in the
slice position is executed only by clicking thumbnail imagesvindow. Diagnostic reading is possible, but the validity of the
displayed under the series list. In addition, slice positionsegmentation result is contrasted with the original image. By
on the right and left change, although they are linkedtlicking the graphical representation button, it is possible to
Therefore, diagnosticians should not feel stress by the neeltain the occupation proportion of each tissue in making the
for useless operations such as ordering and rearrangemenindfacranial region as 100 percent. Simultaneously, diagnostic
images. They can concentrate their attention on the originedading for multiple slice images is realized by putting a
diagnostic reading. check in the thumbnail image displayed under the series list,
) ) as shown in Fig. 7, by totaling the segmentation result of
C. Image Analysis Function chosen each slice image, and graphing the result. In addition,
Using features of the image analysis function, the braig general tendency and partial tendency in an axial section
tissue of the diagnOStiC reading Object can be ClaSSiﬁQﬁ interest can be grasped when shown in Comparison to
automatically, merely by learning image characteristics sudkgmentation results of one slice image like that shown at

as edge and brightness distributions. That is to say, intafe right side. These segmentation results can be output as a
vention of diagnosticians is not required. For application of sy file.

this image analysis function, extraction of the lesion area in
comparative reading and quantification of the brain atrophy
with age can be realized because segmentation of the region TABLE Il
in which the boundary of brain tissues is unclear becomes
possible. In the example of a T2-weighted image shown

DETAILS OF STANDARD VARIATIONS AMONG AGE GROUPS

I - . . Age-group | Whole Sample( ) | Nomal Samples( )
in Fig. 5, the boundary of the CSF is portrayed as a high 30s 1.02 —
brightness region and GM. Regarding the boundary of WM 40s 1.89 163
and GM, even if the boundary is indistinct on the original 65582 gg? ;'gg
image in the visual observation, the boundaries between 70s 2.23 —

tissues can be confirmed clearly in the segmented image.
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Fig. 10. Segmentation results of representative images in each age group.

during January 2004 through November 2005. These image
data sets are acquired in all identical imaging parameters.
s 40's B0's 60's 0s EE There is no change of signal strength according to differences
of the parameters. Regarding medical examinees of 193
examples, the breakdowns by age and sex are shown in

Fig. 8. Overall brain atrophy tendencies with age.

—&—CSF Table I. For all medical examinees of the brain dock, there
o ---B-- GRAY were 193 examples. The patient group comprising those who
— #— -WHITE . -
0 were diagnosed with the normal range were 34 examples
comprising 23 males and 11 females. We carried out age-
50 | independent quantification of atrophy. Results for all medical
us o . o examinees are shown in Fig. 8; results of patient groups who
w were diagnosed as within the normal range are shown in
Fig. 9. We calculate the standard deviation as a degree of
e e 2967 dispersion on the each sample point, and Table Il shows the
o e results of arranging them.
2&\23"/_8826-‘33 In Fig. 8, the proportion generally increases with age. The
2w CSF space showing the degree of atrophy, and especially,
the tendency is remarkable in the 70s. For the 40s and 50s
o cadres of examinees, although the value of the standard
deviation showing a variation of individual specificity is
0 : : small, in the 60s and 70s cadres, the values are large.
40's 50's 60's =3

Although atrophy progresses slowly to middle age (30s—-50s),
individual specificity is not recognized. In contrast, there is
marked individual specificity in later progress of atrophy with
age (60s, 70s). A clear reference is not possible because a
V. FIELD TEST difference exists in number of samples in each generation.
For medical examinees of the brain dock at Akita KumiaEspecially few are the samples (five examples) of people in
General Hospital, field tests were carried out to assess tHir 70s. However, it can be estimated as the age period
effectiveness of this CAD system for diagnostic readingh Which the remarkable progress of atrophy appears with
MR images as a diagnostic reading object are the T2ging. In other words, by recommending and strictly carrying
weighted image and the FLAIR image taken in MRI modalityout brain dock medical examinations of persons over 60,
(EXCELARTL.5T; Toshiba Medical Systems Corp.). Theséor whom the progress of atrophy is remarkable, it can be
are all axial images with a slice gap of 6 mm. The T2€xpected that the tendency of general atrophy with aging is
weighted image emphasizes the difference in the transversglated to individual specificity because comparative readings
relaxation time between protons in the tissues. It is used mdéf time series image sets of each medical examinee become
frequently in the clinical field because it can depict edemBossible.
and tumors, which have a long transversal relaxation time, On the other hand, as shown by a comparison of Fig. 9
with high brightness. The resolution of the MR image is 518vith Fig. 8, the standard deviation value in each generation
x 512 pixels; its brightness level is 16 bit. is small, and the proportion of CSF in the middle age (30s—
The evaluation objects are MR images (6324 images) &0s) stabilizes at a low value. In addition, a breakdown of the
193 examples from 135 males and 58 females who had brajpatient group diagnosed with the normal range are analyzed,
dock medical examinations at Akita Kumiai General Hospitaind the number of samples of the middle age can be ensured,

Fig. 9. Brain atrophy tendencies with age among normal people.



such as one examinee in the 30s, 15 examinees in thaiho typically showed only slight progress of the atrophy.
40s, and 16 in their 50s. In contrast, the number of sampl€3ear individual specificity existed was apparent for older
decreases sharply with the progress of aging: three exampfeople (60s, 70s), who showed a progressive tendency of
of examinees in their 60s on and none in their 70s. As orarophy. Future systems’ image analysis functions must be
reason, it is mentioned that cases diagnosed as asymptomatiproved for automatic detection of asymptomatic cerebral
cerebral infarction (lacunar infarcts) increase with age.  infarction (lacunar infarcts) that are mainly diagnosed to
In an aging society like Japan’s, most medical examinedsain dock medical examinees. In addition, field tests must
have lifestyle illnesses as a background. Especially, prbée conducted continually.
ventive measures against cerebrovascular disorders become

important for people diagnosed with hypertension, hyper- _ . .
lipidemia, diabetes, cardiac diseases, etc. By stimulatim%-rhIS study was conducted as a part of the Collaboration

improvement in lifestyle habits that are closely related t@ R?F'Onalentmﬁs Sor the deancemzn_tr othe(I:hnolzglcaI
asymptomatic cerebral infarction (lacunar infarct), subséz-xCe ence from the Japan Science and Technology Agency

guent symptomatic cerebral infarction might be preventeé‘.lsd-r%anr‘]j thle Minifster of Education, Culture, Sports, Science
Consequently, as shown in Fig. 8, the tendency toway'@ '€chnology ot Japan.
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