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Automated Prostate Cancer Detection on Multi-parametric
MR imaging via Texture Analysis

YoungGi Kim", Julip Jung”, Helen Hongfﬂ, Sung Il Hwang

ABSTRACT

AARAY

In this paper, we propose an automatic prostate cancer detection method using position, signal intensity
and texture feature based on SVM in multi-parametric MR images. First, to align the prostate on DWI
and ADC map to T2wMR, the transformation parameters of DWI are estimated by normalized mutual
information—based rigid registration. Then, to normalize the signal intensity range among inter—patient
images, histogram stretching is performed. Second, to detect prostate cancer areas in T2wMR, SVM

classification with position, signal intensity and texture features was performed on T2wMR, DWI and
ADC map. Our feature classification using multi-parametric MR imaging can improve the prostate cancer

detection rate on T2wMR.
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Fig. 1. Characteristics of multi—parametric prostate MR imaging: (a) T2wMR, (b) T2wMR with bleeding, (¢) DWI (b—

value=0), (d) DWI (b—value=1000), (e) ADC map.
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Fig. 2. The pipeline of the proposed prostate cancer
detection method.
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Fig. 3. Histogram normalization on T2wMR: (a) T2wMR, (b) Histogram of T2wMR, (c¢) Normalized histogram (d)

Normalized T2wMR.
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Fig. 4. The normal tissue and cancer regions selected by
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variance =

| |
Eﬂ:
2

|
=l

3
I
o

i)
b
rr
1>
=)
o
fol my
o
=~
2"—'4

N
bt
S

H AN

w
b
o
[y g

)
2

)
g

N

ol
P
O
4
o
2
o

o
FXS bt
;&;‘\'l‘
s
o o
3 g

o

4 o

i
oo
tlo
o
o =2
&
v}

4 X R
e 2 i
W2
Lo
™
o ol &

f
k)

ofy
b
N

—_

. 1 & —\4
kurtosis = —— E X, 7X)
n—1;/=

g of A A&

BAEE ouetH, pla,)v G SIZEIRAA 2,9
NERE SHES olu@T

ot dEZAE 2 () Zo] HoH, dE
299 BYs) WEFERTE AL ERY
AX A5 eet FABAE 2= Aor Fs 4
Ezue) $A7h wow e Egwel 2Uw
EEE zZke AL Yvjsta, SUis JEZH 9 4
7 wow e AEgEold Tk BEE 2E
Ag slvan

maztmazied entropy = g/mean*entropy (8)

T27%Z MR %7, &4t

Pg, HAGE DY D BIFUAL
=

Asel A APAY F =

R =}



Cancer

Bos SVM-& Vapniko] A¢tet dug]|Fo 2 o] EF

of HA3te sty o 2o FY ol e A

FEY7E 7Hsd AESC Ht] A= A& A5

e sgsten 2 1 A e 2 29w
(hyperplane)& F3t= 21& o= 11l

y ol A& e 2HHS HAZREE HAG

e Sle AZE wEo] o3 Holzl Ho] 7 Foh o)

Fig. 5. Feature color map for feature selection. AEZE WH Y A7t At HES A Q)4 wE

Tk Aoz SVME sttt

A= g H2x EANEE 28 &, A94L A -
’ wez+b=0, w:Zaiyiwi 9)

28 PPN ARE B SANEE AU

t}. Fig. 55 o5 JebilE] MR 374 A9 ol w, x& EFWE, be 4, « € ¥H T WA
G Bz dHNAM F23 21700 S < UEHH, o, 7FEA, e AEZE WE 9 Jf4o]
of $AE Aeon Yehd ARE T242 MR ®, y & -1 EE 19 e 2 S92 e 4y
G A FA AN APAGS e Al L ExuE xv} &3kE FY 1S oug
SAEE 2= 570] 9o AHielM FeAel 7} ERuE 9] 47t Z713te] wrel AP ERI} B
A dEbUH, Sk z Gdell A HEAYE B2 bsd A9 1Y e g Tz HAynd
AEA=E 2 5400 Qo AN Bepalel  Slpye woms v 4 10¢ 3 Avdd
ZPRA debdth x5& SANMEE ojnsi, y3 .

2 APALY AF=2 9 golHE vttt Fig. wezrtb=0, w:i;)aiyiwi (10)

5ol xZoIAl 1,2, 3, 7oA SAE, 8 9, 10, 14815 .
SAMEI 15, 16, 17, 2085 S 2 T2 07000 0 o 1
Z MR 9%, shbdzx 974 3 g4 A sA =l ol W, o, = 7FEX, y = FH g, b AFE
M AsRE e s Sds AuRa SAN gugia k@) s ALGS, ok A SebiE
EIE elvEte F1hel SAMEF AN BN gugy powpda Aed SVM A¥BLE

o AREN Gl T Ve T AR ZEE pppojn, A9gsE A% HehulE gammat 05,
2345 § 28 Jrlsh sheilE C 50002 47

o]
= T AYAYG FAH A gy

A GO AT FAT 7 AGALS AL AEES BN A3 05em’ol
BEAL BRY P AT SPANR AN O o qguere MR 94E B ARHY Qwol
& ARl it wepd AERIG ASAEE T sgige gYa 94RT 9 doE APl
A aeist Soist AERa S Alkstel AR 9 RADS: Prostate Imaging Reporting and Data Sys—
Sk Az 9% FA Aol g SNz R tem)oll we} A28 2 g o] 83 (Connected Compo-
A ARAY AES AR EAMER 018 £ Atk e s semiolal ARA 7%

e AAGT, AE 4 W) T AA R A RE
2.3 SVM 28 A 9% T W ARAG AE gy ay) 98k B Dilation) 2 A4 (Erosion) &

B AN AUAY AES s AgHY 99 ST



742 ZEOICINES ==X M19H K4=(2016. 4)

3. &9 % Ay

E AP S C++5 o] 83t Fd3styon, SVM
& LIBSVMI[12] & 42 S71x & AF&-3}o] Intel
(R) Core(TM) 340GHz CPU$} 4GB ®l =25 &3}
3k PColA AgslAitt Ad-e 913 Philips Achieva
30T 27U E T3 APALS 717 7H9] A=z
2H 299 T24% MR 94, & 2
FHAFA = HElgdds g5
B3 Aol Ade 1371 44

k)
o

(r

!
n

>
o
o
')
ot
=)
o ™

ol

9

[\]

o

:

rr
L .

B
2 3E% 5 8

FHo= g Ao sFst 2]
2 2YHo 2 AF &
A HEIYeRE g55ATHILLL 2
< Fig. 6(c)et &o] T2%= MR 974
< 53 §FHH AGYHE F
Ao} viwstr] 913l Fig. 6(d)<t
FAE Aol 93 5 B
Ad e FdeHIHE Hl
Bt T8I, AP 9
(Leave-one-out cross validation)
o] W, A FAdol AYA

o
o
tlo
i)

T

:,; i s

5 ol ok o}

il_‘;‘

® (o

A

Ml o of A oX
e ot oy

%
)
i
2

©,

o

1

my
o
}%
[\)
oyl
B
=
=

32
N H
®

El
Y
ml ox

igo}]'
Ll-ﬂ?l

Ho
-
of )
1’8 o2
of
ol
E oX

)

o

(R}
2

gld

A B AZREE 2t gAY

r
X

2 ol & (o X

oo T fu o

[T A )
2

__&
>
offt

o
0Q
-
rlo
2
2
o
i 2
o
=
ol
eI
N e
o K
o
o 2
g
= W %
o

i

=
%)
&
N
=
=
of
oy
2
X
At
o
o
i
o o

23 AP AE AF ol Fig. Tb)E T24=
MR 973 &gz 9o EAHEHE o] &3 A

HA¢ & 2 Fig. 7(0)e T2%Z %= MR 9433
FEFIAFAZS] SHUMHE o] &7 AP
A< A3 Fig 7(d)e T24= MR 9%, @32
FAE B gz Gl SAHEHE ©] 83 Ay
Ak AE AolH, Fig. Te)e= A&7 5 &
g gt ol T2742 MR 9/delA A8

(d)

Fig. 6. Fusion of T2wMR and pathology image for com—
parison with ground—truth of prostate cancer:
(a) T2wMR, (b) Pathology image, (¢) Co—regis—
tration of T2wMR pathology image, (d) Ground
truth.

O
©,
N
=
2
>
3
29
O
o4
o
Jo
>
ot
2

ki
il
0w
fr
o Mo
@ o2 ox X M op rx

oy g
N
of
ox
vox o Hn
o
oo ox 2B o O o o

O Ry on% g o} d
LS e
el

s
32
)
.
&
=
!
ol
u,o,él“N
‘j}"u%
m‘tN’[\")OR
mﬁ°¥o¢
oy
2z
_\.‘_,:Uoj_,
s of ot

ox
=)
—V—‘ ‘ﬁ
ox
R
)
N
Y
b
=

prlr‘

J,
BT o 3@
Jor 1% o

(accuracy), RIS, £ Z(specificity), 5
H]&-(dice similarity coefficient, DSC)& 2]
|2tk Agt=e AP AA

]

B2 AL 99

—
—_

F-?—": ol
4o
ol N
o

2 oy
N
N

KR
=

N
= 3

o
iy
b

o
o
BN

ol
%
iy
i

o i,
=
2
@

o of
il

T
N
o

oo rr

Xoof i
— 0 o2 12 My M 18 12

M o o ro

oy o
to o2
0 of o
2
2
=
o
>
offt
He
g(_g

e

et
ol
offt
o AL
ok
<
o
o ox
N
»
12
o o

i

£

L IR CRN)
> o
ETO

o 1 o
o of H 18 10 o of H 2 N of o

18 o 2 o oo 2 &g 12 do

£ 8

ml
i
ok
>
i)
2
j:2
of
12
o r
o
N
=2

El
o



Ci= HiStHEl MR QSAIOIM EIARN

Fig. 7. The results of prostate cancer detection in peripheral zone of T2wMR: (a) T2wMR features (b) T2wMR and

DWI features (¢) T2wMR and ADC map features (d) T2wMR, DWI and ADC map features (e) Ground truth.
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Table 1. Accuracy evaluation of prostate cancer detection on multi—parametric MR

Accuracy Sensitivity Specificity DSC
T2wMR feature 66.86+19.81 92.34+7.70 58.89+23.07 59.94+26.10
T2wMR and DWI features 71.97+14.75 75.49+26.10 70.16+18.80 57.53+28.07
T2wMR and ADC map features 84.81+£6.92 71.77+15.81 90.30+£8.55 70.04£14.90
T2wMR, DWI and ADC map features 86.45+6.15 65.30+18.37 94.37+3.98 71.07£12.20
A _ True Positive + True Negative
CUTYY = "Thue Positive + False Positive + True Negative + False Negative
Sensitivity — True Positive
CNSWEY = “Trwe Positive + False Negative 12)
Speci ficity — True Negative
becificity = True Negative + False Positive
DSC— 2 X True Positive
" 2X True Positive + False Positive + False Negative
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