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Abstract—During recent years a number of medical diagnosis proposed approach is described in the third section. A brief
support systems have been presented. Such systems are imaot  description of all used algorithms and methods is presented

from medical point of view, because they aid physicians in #ir — The foyrth section presents performed experiments. The las
daily work. Some of those systems, likeComputed tomography . . .
¢ section summarizes the article.

support systems (CT) rely on image data analysis, making i
an interesting research topic from pattern recognition pont of
view. The paper presents a practical realization of a medida
support system, including segmentation, feature extractin and The most common dementia diagnosis method is visual

decision processes. Various techniques are used within tgstem:  evaluation of brain fluid spaces done by radiologist. It i&ku
fuzzy logic, shape descriptors, classifiers and automatianiage a4 hardware-independent, however not perfect: it reguire
annotation framework. Series of 2D CT images are an input of . L . . .
the system. As a result, a patient's diagnosis is presented. eXpe”enFed_ specialist, _and 'S_descr'pF'Ve a}nd subje¢aje
More objective method is making planimetric measurements,
I. INTRODUCTION but this is time-consuming, both during evaluation and gene
N THE paper we present an approach to introduce auton®ing results, which are relative to brain volume [5].
tion of brain CT image analysis. Our goal is to support The most advanced method is automatic volumetric mea-
physicians (radio|ogists) in their da||y work. In the f|r3‘9§ surement of intracranial fluid. Programs used to evaluate
of authors’ research, the system has to classify a set of gerebral fluid volume work on a semi-automatic basis—the
CT images with respect to the presence or absence of bréecialist selects region of interest, and the specifiedrel
atrophy. To be able to support radiologists, the constrlct®s measured [7]. The next step is to make the diagnosis quicke
system has to generate diagnoses which are as similar as pysihtroduction of a fully automated method.
sible to expert’s ones. To Comfortab|y Support radiokﬁ\;iﬂ]e The automation of brain atrophy evaluation in patients with
system has to work within limited, reasonable time consgrai dementia on the basis of brain CT images analysis can be
Analysis of brain CT images can be helpful in diagnosigerformed using different approaches. One is developing an
of many diseases, including dementive diseases. Diagmos#ifective and precise method of region of interest autatnati
process of dementive diseases is complicated. Although br&egmentation.Afterward, region of interest volume can be
lesions appear 10—20 years prior to clinical manifestatioey Measured. The second approach, proposed in this paper, is
are subtle and unavailable for standard diagnosing metho@sed on applied automatic annotation method which clessifi
Thus there are many researches during last few years tryRigin CT images abrain atrophyor no brain atrophy Such a
to use neuroimaging procedures for diagnosing dementi@thod is evaluated by physicians as very helpful in deraenti
diseases, such as Alzheimer’s disease. diagnosis process, because brain atrophy suggests deenenti
Several pattern recognition and machine vision techniquéi§eases. Taking into account above statements, the gtiasof
are used in the presented approach. A single 2C CT imagd#aper can be defined as followo introduce a method of
segmented using a fuzzy logic based algorithm.Afterwaat, f @utomatic patients discrimination with and without brain
ture vectors are calculated on the basis of extracted braith flatrophy.
segments. Classification of a patient’s state is the fingl.ste The presented results are a part of wider research on
Several approaches to classification are examined. Theffiest CT image analysis, including image segmentation, feature
is a classic multilayer perceptron (MLP). The second and t8€neration and diagnosis support. Apart of the main goal,
third ones are two automatic image annotation methods.erhdallowing research goals are defined:
methods areBinary Machine Learning[6] using a set of « Determination if it is possible to build CT decision
C4.5decision trees an@ontinuous Relevance Modd] using support system using features based on intracranial fluid
Gaussian kernel distance calculation. One of authors'sgoal area.
during the research is to evaluate the usage of automatgema « Evaluation of the proposed architecture and all its com-
annotation framework for the stated classification problem ponents as a whole system.
The article is organized in the following manner. Next « Evaluation of classification quality using features other
section states the problem from a medical point of view. The than volume (area) of intracranial fluid.

Il. PROBLEM STATEMENT

215



216 PROCEEDINGS OF THE IMCSIT. VOLUME 3, 2008

« Evaluation of classification quality based on automatic Exemplary CT scans for four different patients are shown in
image annotation framework in simplest 2 word casé&jg. 2. The first image from the left shows the 12-th scan with
for further research on larger dictionaries (more detailatlagnosedAlzheimer diseas€abbreviatedAD). The second
patient’s state description). image shows the 10-th scan with diagno$adcular Dementia

(abbreviatedVAD). The third and the fourth scans are taken

for healthy patients.
The goal of the proposed method is to automatically dis-

criminate between patients with brain atrophy, which mig

suggest dementive disease. To achieve this a series of

images is gathered and processed. A series of 2D CT imag
are used as an input of the method. Images represent br|

slices, gathered during the scanning process. Togethey, t

form a 3D CT brain image. The system output is the patien

state diagnosis.

IIl. PROPOSED APPROACH

| n 2D CT scans taken from patient |
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extraction extraction extraction

|

l

l

(a) Scan 12, AD

| Decision treesKernel-based methodbleural networks |

| Diagnosis o brain atrophyvs brain atrophy) |

Fig. 1. Process of patients discrimination with and withbrdin atrophy

(c) Scan 9, no disease (d) Scan 8, no disease

The proposed approach utilizes segmentation, feature vec- _ _ _ .
tors extraction and various classification techniqueshic F'9- 2. Exemplary CT scans for various patients. PatienhégAlzheimer
those steps is described in detail in this section. The th()illgease(b) hasVascular Dementiapatients (c) and (d) have no disease.
process is visualized in Fig. 1. The goal of segmentation
is to extract theregion of interest abbreviatedRrOI. Feature
vectors are calculated on the basisR®Il. They are a set
of synthesized, numerical values describing series of 2D éof
scans. A set of classifiers is responsible for the final diagno

Analyzed CT scan range is also an important topic and
requires discussion. As mentioned before, for each patient
ries of scans is performed. CT scans taken from the bottom
the head have the lowest indexes and from the top of
the head—the highest indexes. However, scans with the same
indexes do not relate between patients. Differences can be

CT scans are acquired using two-slice helical Gene?lr'ite large, mostly because of the scanning process itself.

Electric (GE) CT/e Dual scanner. Patient’s head is locat (?tlent’s head position is one of the most problematic facto

between X-ray source and the rows of detectors. Detectatrs fﬁj.dnmnally, scans from the bottom of the head contain many

the lamp are rotating by 360 degrees for each scan. Acquir%rafaas’ due to bone presence and scanning process. It is

raw data are transformed, using Fourier transformationo é/vorth t_o mention, that scans do not contribute to brain diyop
images. Each scan is 7 mm thick and there’s no gap betwé’g}?lys's’ equally.

the slices, so put up together all scans show complete volume .
of the brain and intracranial fluid. Every single pixel of 2D~ Image segmentation

picture is described by value known as density, measured irAcquired 2D CT scans are processed by a specialized seg-
Hounsfield Units (HU) and may vary between -3000 (airnentation algorithm.The segmentation process extreeits-
through 0 (water) to 3000 (bones, metals). Only a fractidwospinal fluid area The method emulates the complexity
of the density range is important from the diagnostic precesf the standard radiological and neurological recognijtion
point of view. Original images are rescaled to the importadefinition of appropriate linguistic variables in accordamvith
density range and then discretized to 8-bit grayscale. Asaapriori introduced fuzzy rule base. In the used method the
result of image acquisition series of 512x512 8-bit gralescaviamdani model [1] and the Larsen implication are considered
images are produces. The COA (center of area) is applied as defuzzification method

A. Image acquisition
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The key point of the proposed segmentation method (con-
sidered as a region growing segmentation technique) assume
homogeneity segmentation criteria that are defined upon 3
fuzzy control system, dedicated to computed tomography
imaging. The growing process is controlled by a fuzzy cdntro
system and thus it classifies a pixel to a certain region (défin
by aseed if and only if the corresponding pixel characteristics
are greater than or equal to some a priori given thresholgeval
(denoted by T), considered as an output value of the fuzzy
system. A formal treatment of the growing process is given
below:

. . . . . - .4

Let P be the set of all image pixels for a given image of size - /

M x N, P =g {p(m,n)jm = 1,2,..., M;n = 1,2,..,N} Sag’ S £ {‘:\

and let P, C P be the subset of all seeds generated for the - - );a
considered image. Any neighbor pixel of a seedz,y) € - - ﬁg‘“»ﬁ
P, i.e. pp(z + i,y + j), wherei, j € {—1,0,1} (excluding ’ ' v
i = j = 0) belong to a region determined by the seed if ‘

and only if the output of the fuzzy system corresponding to
this neighbor pixel is> T'. In our experiments the possible
primary input states for the fuzzy system (the charactesist
considered for any pixel) are interpreted as the pixel aodmal

its localization on the image. This is because the radichigi
knowledge of the issue (the dementia problem) assumes thatt
pixel represents cerebrospinal fluid if itdark and it isclose
to the cranium or it iglark and it iscloseto the central parts
of the image.

Results of the segmentation process for exemplary CT scans
are presented in Fig. 3. Brain tissue is marked with blue in
upper images. Cerebrospinal fluid is marked with red in lower
images. The same CT scans are used as in Fig. 2.

(a) Scan 12, AD (b) Scan 10, VAD

C. Feature vectors calculation EY NN
Feature vectors calculation is necessary for further decis ,s ’ ;} TN sy >

process. They are one of the method’s key components NS ,;‘éﬁﬁ A

because they represent the synthesized form of patient's CT e P R

image scans. A set of geometrical, real valued features is
selected [3]. Feature values are calculated using exttacte
cerebrospinal fluid area and brain tissue area.
Two feature sets are considered. The first one, named (¢) scan 9, no disease (d) Scan 8, no disease
FS1 contains information only about area (volume) of the
cerebrospinal fluid. Absolute and relative area of the flufgd: 3. Segmentation of exemplary CT scans for various petieJpper
. . row, blue images show the brain tissue area. Lower row, redy@s show the
is taken from each scan. This method resembles mam@‘febrospinm fluid area.
volumetric approach to patient’'s examination (cerebmalpi
fluid volume calculation). In this approach, cerebrospfhadi
areas are the basic data for the decision process. for one patient. The following symbols are used in the given
The second one, namé&s2 consists of many other, shapedefinitions:
related features. Absolute and relative circumferencecamd — i—number of pixel within object,
ter of mass are taken into account. Additionally, a series of— L—circumference of cerebrospinal fluid,
shape coefficients are used. All used features are presiented — S—area of cerebrospinal fluid,
Tab. 1. — L gp—circumference of brain tissue,
Patient’s examination results in a series of 2D CT scans.— Sp—area of brain tissue,
On the basis of acquired and segmented CT scans a set of r,—distance of a pixel from the center of the mass,
feature vectors is calculated. Each feature value is aatledl - d,—distance of a contour pixel from the center of the
for the whole CT image using the segmentation output. Timeass,
process results in a non-square matrix of values generated [;—minimum pixel distance to the object contour,
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TABLE | . . .
FEATURES CALCULATED FOR A SINGLE SEGMENTEDCT SCAN. FS1 pf neurons in the input layer is equal to the numb_er of feature
REPRESENTS THE FIRST USED FEATURE SEFS2REPRESENTS THE in a single feature vector. Number of neurons in the output
SECOND ONE layer is equal to the number of output classes. Size of the
Feature Definition Fsi | ES2 hidden layer is cglculate(_j using a standard rule and is equal
Number of scan n yes | yes to the average size of input and output layer. Number of
Absolute circumference L no | yes training epochs is equal to 500, learning rate is equal to 0.3
Absolute area S yes | yes -
—— T and momentum coefficient to 0.2.
Relative circumference Lyer = T no yes . | d L. . h f ” . h f
Relative area S0y = S%B ves | yes . F||na -f.eglsm_n prc;]cess is tI e fo OV\I:Ing. Ealc eature \A:cto
NViainowska Coeficient T — o | yes is classified using the neural network. Resu ts are aggedgat
N ) W and the dominant class in all classification runs is selected
Modified Malinowska Coeff.| R,y = =7 no yes 2 cl ificati . L .
Blair-Bliss Coefficient Rp — s no | yes ) Classification using automatic image annotation ap-
2m (Y ri)? proach: In general, an automatic image annotation method
Blair-Danielsson Coeff. Rp=—52__ no | yes describes an input image (represented as a set of feature
(Zi“) vectors) with a subset of words from the giveictionary.
)2 . . .
Haralick Coefficient Ry = L;)l no | yes Input of image annotation is a set of feature vectors and a
N ﬁL” % dictionary. Output of automatic image annotation is a stibse
Feret Cosfficient Rr = 1, . no | yes of dictionary. The goal of the method is to select the subset i
Circularity Coefficient 1 Rer =2y % no | yes best possible way, according to presentexining examples
Circularity Coefficient 2 Ros = 7 no_ | yes In this case, the dictionary is reduced to only two possible
Center of mass in X Rz = %il no | yes choices:brain atrophyandno brain atrophy(brain atrophyis
$ i treated as a single word, similarly as no brain atrophy) pOut
Center of mass in Y Ry = Z 11 no | yes of the method is also reduced to only one word, being the

‘ diagnosis. Our goal is to verify if automatic image annatati
framework can be used for the stated classification problem.
Successful verification will lead to further research, Wétger
dictionaries.

Two automatic image annotation methods are examined for

— Lp—maximum width of the object,
— L,—maximum height of the object.

L and Lg values are calculated using the following ap- . )
proach. Each pixel in the image, excluding image bound e stated problem. The first one @Gontinuous Relevance

pixels, is analyzed if it is a ROl boundary pixel. Only RO odel [4], abbreviatedCRM It is based on distance calcula-

. . : . tign between processed feature vector and feature vectors f
boundary pixels are considered in the circumference Valﬂ]e training set. This method uses distance measure based on
calculation. The process is a lookup procedure usig=xa3 g set.

pixels mask. A pixel is ROl boundary if and only if the cente?aUSSian kerelWords are propagated from the training set

tto the processed feature vectors with respect to the medisu

pixel is lit and at least two pixels in the masked area are n'§| tan The farther the feature vectors are. the | r th
lit. In case not lit masked pixels are placed on the diagdhal, stance. The farther the leafure vectors are, Ihe lesse

. X . . influence is.
ixel contributesy/2 to the circumference value, in all other . . .
P V2 The second method Binary Machine Learning6], abbre-

cases it contributes. ated BML. It | " f decision t tructed
Normalized feature vectors are required by classificatiof®© - L €Mploys & series of decision trees, constructe

methods. All presented features are normalized using rlin ing C4.5 algorithm. Each decision tree relates to one class

transformation to(0;1) interval. Each feature’s lower and rom the dictionary and is responsible for generation of

upper normalization bound is selected as the lowest aﬁasitive Or negative answers. A positive answer given by a
highest value from the available data ecision tree contributes to the word the tree represdittse |

tree gives a negative answer, no word contribution is made.
In case ofn words (in this caser = 2), n decision trees is

) required.
The last step performed by the proposed medical support

system is decision making. Three approaches are presented
and evaluated. The first one is a classic multilayer peroaptr
neural network. The second and the third methods are base@he goal of conducted experiments is to show the method's
on automatic image annotation framework. All used methodgility to automatically discriminate betwedsrain atrophy
are supervised machine learning and require a training smtdno brain atrophyCT images. Experiments are performed
Training examples are a set of manually diagnosed CT imagea. a set of CT images acquired from patients with various
Manual diagnoses are performed by the radiologist and thiypes of brain disorder and with no disorder. Segmentatioh a
they represent medical domain knowledge. feature calculation are performed according to the present
1) Classification using multilayer perceptronThe first routines. Three methods of patients discrimination areetes
approach to decision making is a classic multilayer peroept Multilayer perceptron neural networlContinuous Relevance
In the presented approach, 3-layer perceptron is used. Bumklodel and Binary Machine Learning

D. Decision making

IV. EXPERIMENTS
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. . k TABLE 11l
A. Medical data and quality evaluation BRAIN ATROPHY VERSUS NO BRAIN ATROPHY DETAILED CLASSIFICATON

H H Wi H H RESULTS FOR EXAMINED APPROACHESTP STANDS FOR TRUE POSITIVES
A\{allable met_:llcal data are divided into four categories aCr\ " -\ coaTIVES, FP—FALSE POSITIVES FN—FALSE NEGATIVES,
cording to the disease type (Tab. Il). In each category a mumb

of patients are examined. There are total 72 examinationased P FP TN FN
available. Patients with three disease types are includléinei _2approach | (correct) | (type | error) | (correct) | (type Il error)
: d ] tAlzhei di avlixed D fi Scan range: All
performed experimentsilzheimer diseaseMixed Dementia —cgyrEst 30 0 0 55
andVascular DementiaPatients with no brain atrophy are the BML+FS1 35 2 18 17
fourth group. Examined patients are in different age andthav MLP+FS1 51 16 4 1
different education level CRM+FS2 a9 4 16 3
' BML+FS2 51 6 14 1
TABLE Il MLP+FS2 48 3 17 4
N Scan range: 5-15
CLASSIFICATION USED IN THE AUTOMATED PROCESS 16 PRESENTED N CRMIFST[ 52 2 0 0
SSIFICATION US v OCO OCESSIS PRES BML+FS1 33 2 18 19
THE THIRD COLUMN. MLP+FS1 52 20 0 0
Disease type | Number of patients| Class CB:I\SI'\L/I:IESSZZ gg 12 l? S
No dlg;ease _ 20 no pram atrophy MLP+ES2 49 7 13 3
Alzheimer disease| 35 brain atrophy -
: A ; Scan range: 10-15
Mixed Dementia 12 brain atrophy CRMVITEST ) 13 Vi 10
Vascular Dementia] 5 brain atrophy
BML+FS1 32 4 16 20
MLP+FS1 52 20 0 0
; . ; CRM+FS2 46 5 15 6
Results quallty evaluation |s_done with respect to manually_BNIL+F82 50 6 14 2
prepared diagnoses. Those diagnoses are the referende poiaLp+Fs2 49 8 12 3
both in training and testing processes. All experiments areScan range: 12-15
performed usindeave-one-ouvalidation procedure. The fol- gm"fﬁésf gg 22 12 2%
lowing values are calculated to evaluate quality: true tpes, MLP+FS1 52 20 0 0
false positives, true negatives, false negatives, falsitipes CRM+FS2 47 2 18 5
; ; ; BML+FS2 49 7 13 4
ratio, false negatives ratio and overall accuracy. MLP+FS2 =0 4 16 ,

To make this discussion more complete, we also address
the accuracy baseline. Baseline value for accuracy is @qual

72% and it is calculated for a naive approach. To maximizeRr\+FS2and BML+FS2) is comparable or larger than for
accuracy, every case is classified to the most common clasgM+FS1 and number of true negatives is comparable to
without any feature consideration. For the presented daéa, gy +FS1
most common class ibrain atrophy This means that there  achieved accuracies and negative rates are presented.in Tab
are only positive answers (true positives and false p@sijiv |y, Averaged results are the confirmation of the discussion,
and no negative answers. presented above. Usage B52 in general leads to better
B R results, comparing t&=S1 In terms of accuracy, selection
. Results : ;

of the annotation method do not have large influence on

Manual diagnosis is performed by medical doctors, radie quality. Presented results suggest tNHIP+FS2 with

ologists specialized in CT image analysis. This approachdgan rangel2-15 should be selected as the best approach.
the reference one. It requires a lot of manual labor, thus lﬁage ofMLP+FS2with scan rangd 2-15results in accuracy
expensive and prone to potential errors. Automated didgnogqual to 92%CRM+FS2approach also provided good results.
is performed using the proposed method. Detailed infownati occuracy is equal to 90% (only 1 more patient is incorrectly

on classification results are presented in Tab. Ill. True-pogjassified, compared tMLP+FS2), false positives and false
tives, true negatives, false positives and false negatves neatives rates are both equal to 10%.

listed. Selection of feature seF$1 or FS2 has the largest ) )
influence on the achieved results. Selection of scan range & Discussion
classification method have smaller influence. Accordinde t  Achieved results are satisfying and can be viewed as a good
performed experiments, usage 682 results in much higher basis for further research. When provided with a propeufeat
quality of results than usage 6S1 BML+FS1gives a large set, all three approaches to classification give similanltes
number of type Il errors (false negative§RM+FS1gives a There is a large difference in results quality between tkste
large number of type | errors (false positives). In one case, feature sets. The first one, which is based only on cerebrabkpi
negatives and false negatives have not been generated atfflail areas, provides unsatisfactory results. Howevernihe
which means that the method have not generated any negataature vector is extended, quality is increased. Examécad
answer.MLP+FS1 approach fails on generation of negativeanges do not influence the results quality in a large manner.
answers and proves to be unusable. Best results are achieved for scan range 12-15, howevee usag
As mentioned before, usage 6152 results in much bet- of all scans gives only very minor decrease in quality (1 more
ter results. Number of true positives for both combinatiorsatient is misclassified).
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TABLE IV
BRAIN ATROPHY VERSUS NO BRAIN ATROPHY AVERAGED
CLASSIFICATION RESULTS FOR EXAMINED APPROACHES

Used FP FN | Accuracy | Relation
approach rate | rate to baseline
Scan range: All

CRM+FS1 | 0.50 | 0.42 0.56 | below baseline
BML+FS1 | 0.10 | 0.33 0.74 | above baseline
MLP+FS1 | 0.80 | 0.02 0.76 | above baseline
CRM+FS2 | 0.20 | 0.06 0.90 | above baseline
BML+FS2 | 0.30 | 0.02 0.90 | above baseline
MLP+FS2 | 0.15 | 0.08 0.90 | above baseline
Scan range: 5-15

CRM+FS1 | 1.00 | 0.00 0.72 | baseline case
BML+FS1 | 0.10 | 0.37 0.71 | below baseline
MLP+FS1 | 1.00 | 0.00 0.72 | baseline case
CRM+FS2 | 0.25 | 0.04 0.90 | above baseline
BML+FS2 | 0.65 | 0.00 0.82 | above baseline
MLP+FS2 | 0.35 | 0.06 0.86 | above baseline
Scan range: 10-15

CRM+FS1 | 0.65 | 0.19 0.68 | below baseline
BML+FS1 | 0.20 | 0.38 0.67 | below baseline
MLP+FS1 | 1.00 | 0.00 0.72 | baseline case
CRM+FS2 | 0.25| 0.11 0.85 | above baseline
BML+FS2 | 0.30 | 0.04 0.89 | above baseline
MLP+FS2 | 0.40 | 0.05 0.85 | above baseline
Scan range: 12-15

CRM+FS1 | 1.00 | 0.04 0.69 | below baseline
BML+FS1 | 0.10 | 0.33 0.74 | above baseline
MLP+FS1 | 1.00 | 0.00 0.72 | baseline case
CRM+FS2 | 0.10 | 0.10 0.90 | above baseline
BML+FS2 | 0.35 | 0.06 0.86 | above baseline
MLP+FS2 | 0.20 | 0.04 0.92 | above baseline

1
Let us relate to the stated research goals, now. ConstructH

PROCEEDINGS OF THE IMCSIT. VOLUME 3, 2008

cerebrospinal fluid and nervous tissue. A set of featureovect

is calculated on the basis of segmentation and they are input
of a classification method. Afterward, feature vectors are
processed and a diagnosis is generated.

Achieved results are very promising. For the best presented
combination of feature set, scan range and classification
method, accuracy reaches 92%. It means that the automatic
method is able to repeat expert's manual diagnoses in most
cases. Additionally, the automated process is not time con-
suming and can be used as a live aid in medical doctors daily
work.

The proposed method could be also used for prospective
and populational researches due to its speed and repéstabil
of output scores. Another possible usage is the evaluafion o
possible changes in atrophy degree, e.g. during treatment—
especially in experimental methods of treatment. Furtleer r
search will be focused on introduction of new, shape related
features characterizing the cerebrospinal fluid. Adddlbn
a larger dictionary (with more detailed diagnoses) will be
proposed for the image annotation approach.
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