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The brain is the body's most organized and controlled organ, and it governs various psychological and mental

functions. A brain abnormality could greatly affect one's physical and mental abilities, and consequently one's social life.
Brain disorders can be broadly categorized into three main afflictions: stroke, brain tumor, and dementia. Among these,

stroke is a common disease that occurs owing to a disorder in blood flow, and it is accompanied by a sudden loss of

consciousness and motor paralysis. The main types of strokes are infarction and hemorrhage. The exact diagnosis and
early treatment of an infarction are very important for the patient's prognosis and for the determination of the treatment
direction. In this study, texture features were analyzed in order to develop a prototype auto-diagnostic system for infarction

using computer auto-diagnostic software. The analysis results indicate that of the six parameters measured, the average

brightness, average contrast, flatness, and uniformity show a high cognition rate whereas the degree of skewness and

entropy show a low cognition rate. On the basis of these results, it was suggested that a digital CT image obtained using

the computer auto-diagnostic software can be used to provide valuable information for general CT image auto-detection

and diagnosis for pre-reading. This system is highly advantageous because it can achieve early diagnosis of the disease

and it can be used as supplementary data in image reading. Further, it is expected to enable accurate medical image

detection and reduced diagnostic time in final-reading.

Key Words: Cerebral infarction, Computer-aided diagnosis (CAD), Texture feature, Computed tomography (CT)

M B

Zke) H(brain)y= T Lol HEHO] 9lom F5
Al(central nervous system. CNS)9] tjF-+& x}A|8laL
& tirel 2174 AE7 dele] 2Eel A4 A
9& olth, AAl AZoNA H7h A
% WA 2.5% vRkom e 7)o EaahH]|

= ZAs Bl J]ho =M e g

rlo Ol ox o O
R

(O oo E o

A
s

k

ﬂm Z

*Received: August 6, 2012 / Revised: August 21,2012
Accepted: August 22,2012
TCorresponding author: Jaeseung Lee. Department of Radiological Science,
Dong-eui University, 995, Eomgwang-no, Busanjin-gu, Busan, 614-714,
Korea.
Tel: +82-51-890-2679, Fax: +82-51-890-2624
e-mail: jsleelll@deu.ac.kr
©The Korean Society for Biomedical Laboratory Sciences. All rights reserved.

oftje} BAlARl 24 7k Wt Wi
#o|H(Joyce et al., 2012). = WHo| = A Al
ofgFk ofuet HAAQl s AN E sy
Sl ™ = Qv ol gk ¥ W& ¥ EF(stroke),
% (brain tumor), *|ll(dementia)ZA A 37FK] HIF=
$JTHKhotanlou et al., 2011). 53]

o] 2 | WHow dulx glon ¥ dNqe =3t
ool ofal] sk gHabaw o2 Aofiol E whH]
£ kel ¥ Mo R 7 A (cerebral infarction)} |
Z¥(hemorrhage) 5°] ATk BN HFAQ Ao
2 Q1% HF ¥ 7 M (cerebrovascular occlusion)©] Ay g}
O M Mo FuEs ko] Hash Hel ¥ 23

o] 7% Al vao] Aapt rkE e o 29 3
B 5Es A FEE qvdt) mebA HidAe) A
oHE ek whE 24= ko] o F(prognosis)H A &

-399 -



Q3}CKTong et al., 2012).
dutd o2 Mol A2 AFEHFE Y (computed

o]&} CT), #7138 % sF(magnetic resonance
ArrE AldstaL

O

tomography.
image. MRI) 55 ©]-&3F 972|sH4]
9l

A2 AEaE AR UAY oz FHL 93 8
Hyromm ARelE nEst: w7 o] BH o
2 s Quk ol Astel FAske 8§ v
g2 9 F2I(digital imaging communications in medicine.
I3} DICOM) Eo] =S &|5 4 A5 Aol
A o8 GAT HARES AEsl= 9A BF ZE2E
=21 PACS (picture archiving and communication system)”}
#73} = A Wilde et al, 2011). &< PACS®l| #7¢+
UAY ol GHES AFE BAse] 1 AE &
Ag W ol »

o
A BASL BYH B AAE AT AE7
.%] A =

(computer-aided diagnosis. ©]3} CAD) A]Z~Elo] 7JRtE|S]
TH(Shiraishi et al., 2011). CAD A]Z~El 5
S BAHoR 7|EA G s A, 9 £, 24

= s 17O
3] 2 (neural networks) == A4 <14 Ve 58 T7
5‘}1‘— YLHH Q1 2] (pattern recognition) 71 2 F2] 4

FH dshes s EEsAY 52 E0 gt
%%6}04 #FHH SA(feature) THEHHE S dlo]EfH|o]
Q43 val Q1AE= A Q12 (object recognition) 7|
o] E=1%ATKSilva et al, 2012). |3

4] (principal component analysis. ©] 3}

Q12)(recognition)

ME Tom AstEe] Ay
3 AKCarbonell et al., 2011). &3] H-F7] I 1A
A gk dlolHE A= v HEEe] deole ¥
(principal component) .2 13 HZk(linear transformation)
& Tolo] ARE PASE W ol 8TomH 4ol
7HAE AV, A texture), B 50 57 (feature) 52
o] g-3h= U879t d M(contents-based retrieval) U
T2 AFE3FL ATHChen et al., 2009).

b 2 A YA i el Hed ¥
~Hmean and covariance)®] EA% 54 ©o]&3 C
Al Z=ES AlRbslaLA) stk ol& flgke] A7 %P
o B 3 A3 o FHEste] o
“J(Bigen images) 2 A3 % J(test images)= 343 3}3 Xﬂ
Qbel CAD A|&Foll A-gato] doFaoz Eaglon

to o

N
&M%HE

54 93 T2E 048 WL,

A% A3E B2 94 "L’ﬁ.%(recognition rate) S
{ & 7Fs/dol diE 7%

S7% Jlule| M S 24

2 AT A8 MATLAB (R2007a release, Ver. 7.4,
MathWorks Inc., USA)2 Microsoft Windows XP 7]4F2]
Borland C"'Builder 6.0 ©]-8-3t¢] 73] 21 DICOM
W] tAY os g7del k= 12 Bit 7Wke] A3t 5
A FZE(texture feature extraction) X Z130] 7]dlE] o]
Utk HAE o5 F7e] tlolE= WE Y] Aglo] o}
Hol| wet 54 (feature) HMEHZF] S71eF HEo] e 5
Z(feature) E7HA] EFHE] 7] wiZol] o] A& Ziﬁ} 17

=
Wk olyzl slE Q14 (pattern recognition)ol] 2]t Sk
(training) ¥} 14 (recognition) 4 =7} A3FE L LA

a3 3k F] SH(training set)®] 717} S71E7] wioll
2F1S Zole o] & Q3FTHEI Yazaji et al., 2002).

wbA RS AP correlated)©] U= HHEL] W
& E0°]= AF(dimension)ol| A o] gli= ko] g
W3lste] 574 WH(feature
vectors)—e‘ e go mH oA e] FEAKEo]F] 9
A)E 7Fsshd Bol fAshaA Aede S0l 5}
Atk thAE dlole]e] FdRell aldsk= F+S(principal
axis)e A4 WHO R Felal o] AWRFE 42 5
%) ¥E](feature vectors)E 5% WO Z FY(projection)
AA AHLE FAaskaat spglth T3k 71 57 (feature)
So] x3to g FAH /\HE—C’r E A (feature) 52 F-&
TS Ao B2 S FEA4ATE 5 FE(feature
extraction) =i /\]__9_75]—03 o 7z} FAbo 3k A7 E
A FZ(texture feature extraction)S $13}e] 40 X 40 pixel
A712 A (cut-ofh) e =4 % Y(region of analysis. ROA)
2 Aget ¥ 249 B4 epge] Eyshs
] CT 9742 EAA el o3k 54 (feature)©] 7H
zZH e ] wigel ¥) SRS o] &3 A4
o R ¥ Ag FiRkE FE(extraction)sto] H3F 5
7 (texture feature) S BS  AAUTH

A7E 5% 3h(texture feature-value) > 2 AFE-% w2}y
= Yt 97|(average gray level. GL,,), 31 HF%E

O 7 7|F F(standard axis)=

(average contrast. COpyy), %3 5= (relative smoothness. R),
Sl %= (Skewness. SKEW), 1Y % (uniformity. U), dEZ]

- 400 -



(entropy. ENT)©] $ATHGletsos et al., 2003). ¢17]A] z&= 3|44
Z(gray levels)E YER= & ¥ (random variable)©] 3L
i=0,1,2, ., 1o & W pr)= AT s|~E1H
(corresponding histogram)®l] theF ¥ Al Zl(function of pixel
values)o| ™, o] W L& 5§55k 3| Aze] Moe} o of

it B7(GLue) T 31 2=ET199] 3t Fh(mean value)
o7 g2 2 (DE A3 thGletsos et al., 2003).

= ;pr(z,-) 1)

T NEE(COpup) = SAREC] Hfgto =N e ¥
01 2 Aol SAGke] AxEE ovlshy EEAAk
(standard deviation. o)L} &5
Ao ZHE drpy "olzl o] E¥eh= s
el EAK(variance. o) 22 o|n| S zh=t) whebA
Bt HE(CON,) T T 2 )2 B)o= Aofstal
THGletsos et al., 2003).

A *(random variable. 2)7} =

CONang :U:\/Z_:(zi_m)z Xp(zi) (2)
" (z,—m)” % p(z) 3)

i=0

FEER)E W7o ARl FEYE AEE 574
sttt gatste Hele®)E 44 wrle gl dist
o oo]aL, B7|7F A By GHolAE 190 A
gt b ozt 19 WelelM Aatshe FEER)E
o 2 @)9F 32o] o] 5k th(Heller, 1989).

1
R @)

AA Xq':O]‘ﬂr o] g2 kAA gEw
2 EYY)=p 2 gA8L ve pis)
wreF E(X")=E(Y*) ol x9} ve] R
7} €t} weba R E(SKEW)E T 2
3} tH(Kontos et al., 2011).

SKEW == ©)

NEZINENT)= BARZFS YEhls
o] shi(pixel) s 1Holl= =
o] AN % o] d9e] Hw=et *H'Jr*é% Rl
HAZE dow Ze A9
Fo] TdatA e A olFtal o 5 Ak o]zl
afitel shast
1 4R Jhdo] mSjEofof gith o] it HHT
& dE=yE 3w AEZIENDE T 4
N3 2o A 2l5F tHChen et al., 2009).

ENT = Zp(z )xlog, p(z)) (7)

i=0

oy @
oA fte] Aejel HAE Bustr] fiste] oé’b °ol-&
of tgk fxtel s C}\)\‘:]— o] wj AM&- CT &
(SOMATOM Definition, SIEMENS, Germany)+= —'T‘— 7hel X
W T o) 1AE71E AFEE] il BApel 7%
| e He2 a1 = S ES
selas dgele] Gk WE As B
o

o= 4y id 3SHEE AY 2]
7 54 B4 A9E 5590k 9 WA Ay} g



Fig. 1. Texture feature analysis for normal and cerebral infarc-
tion in computed tomography (CT) images. For a texture feature
extraction of each pixel, the region of analysis (ROA) with a
cutoff in size of 40 X 40 pixels: (A) normal brain, (B) cerebral
infarction.

Fig. 2(A)= A% ¢ =734 374 i
(average gray leve)E HolFt) H BV €1 2 (Do
ojgt s|~Ee] H YR Host 7
74 A 0312\1—9] 733',]— gko] AAF w GAF HY= 13\401]4-131

%},
N
=)

]
T:F W= Arﬂ 132.10. 4* 130.56010113} w}a}/ﬂ Ht
WE A3 54 seE R Sigls o dA Ad 9
3B35El( 2 WA 3 7F 335 )M A
Aol Hat Hrle] MeE Holue WA Jd2 30
Fel= WA gigk 14Eo] 90.91%= HluA EA

bttt o] o 7t A Godel oigh P 2EEAt
= A kel A4S 13254 + 022, WA A

7% 13131 + 0.38°]%]Tk
Fig. 2(B)= A7 <o} w74 03*&01] ok gx=
(average contrast)E Rt H2EE
oJgt SA4gEo] Fgho = E "ozl
7] wioll A ] gudell gk HAEA
WE7F JAAA kS o

\
= f
>
B
®
@
=

ge) S

AL olust
3
Aghe] o)

(feature-value)

©

134.0

133.0

132.0

131.0

Average gray level

1300 —+— Normal brain
—— Cerebral infarction

129.0

1 3 5 7 9 11131517 19 21 23 25 27 29 31 33

Image No.

©

75.0

74.0

73.0

Average contrast

—+— Normal brain
—— Cerebral infarction

72.0

13 5 7 9 11131517 19 21 23 25 27 29 3133

Image No.

(0]

0.079

0.078

0.077

0.076

Relative smoothness

0.075

—+— Normal brain
—— Cerebral infarction

13 5 7 9 11131517 19 21 23 25 27 29 31 33

Image No.

0.074

Fig. 2. Results of brain diseases recognition rate for texture
feature-value parameters in region of analysis (ROA) of normal and
cerebral infarction computed tomography (CT) images. (A) average
gray level, (B) average contrast, and (C) relative smoothness.
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Fig. 3. Results of brain diseases recognition rate for texture
feature-value parameters in region of analysis (ROA) of normal
and cerebral infarction computed tomography (CT) images. (A)
Skewness, (B) uniformity, and (C) entropy.
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