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Abstract

Medical ultrasound has benefits in mobility and safety than any other medical techniques such as X-ray,
CT and MRI but has speckle noise which decrease the ability of an observer to distinguish the fine details in
diagnostic examination. But simple removing of speckle often causes losing boundary information. Then, in
this paper, we presented a novel neuro—fuzzy method which could remove speckle efficiently without loss of
boundary information. Proposed method consists of image clustering by fuzzy algorithm and image processing
by neural networks which was learned by back propagation. From the experiments for simulation image and

real ultrasound image, we could verify the proposed method.

2 o
o8 %53 FH]E= X—Ray, CT, MRI 5 T2 98 ZH|ETt FoiA 3 g dolAE Zdo] gxw ek A
Yt sk AskE e A Fo] A el ok a2y @t AFF 30 AAE AAA A
o] &S WAL Fx Qu) oo B =RoME aiA AdAZ AAYg &4 9= AAA AES 95
vES = s} ﬂizl ZYAEHIYS o] wE-HA 2H9F AA PHE AL AkE S dHE

WA wA ZesEE e Agdtel A JAOE ra o) F 2 oz MEe 7d WEY
H,

1?3 1ok AA Ag 94 7]

g Agat E NS A4 AA am RS E AL PHY f8Y8
Zsalet

Key words © Medical Ultrasound, Speckle, Fuzzy Clustering, Neural Network

TR T L, O TSR BT IR | ME

—

" E)3EA automotive system group WHZERT

seokok

SPATHRERS AR A PEA 2~ R I EL o zesn oz Al el AE z2An RIS
— PUEPNE S bR S NS o garslals AEE =3 = sfuolt) olg st o
* WAIAZ} (Corresponding author) 223 FH= X-Ray, CT, MRl 5 02 o8 2w
% A 2 (Acknowledgment) o FojAo] Holuba gro] Abe] HlH e WAL AL
ol S 07 BREETIEMe) Ao dus o FH5to] HHsE I Hdsle] ond o8 Ay 7]
Ep gt A ol we 4ol a%hzqéowzﬂ

7)o v AT} 3o WolA= o] Ql=m)
P2 1112008 61 19H, {1157 H: 20084 91 23H ol FE &3 A o8 I %— 2] ot

(158)



Speckle Reduction based on Neuro—Tuzzy Technique

DQA{L
o
o
hu
dlo
k)

kv

=2
|

i.@

£

Hu 2 rlo
R
=,

mL PN
-

oz N T
ol

ol

3

A e
i ol

lo

o 24

)

)

rl
:‘::(‘.

o ne

[~
1%
o
oot U]O
o
tt

4
HE

<]
o

X
i
=

o
2
of

o of

rlo

0 2
—

Y

L
A ol oox X

d
=)
rlo
e
T
i
e
T
9,

i,
o
off %
o
fi
rr
A
2
2
ot
=N "

)
multiplicative noise?] A& -& uw=
a4 AAZ EVFssith o] F
£ Wtk HE <}
Gaussian smoothing®H o] S
el (1= 22kl JAe ois]l SNRE 7]HES.
A= W] o] JAEI 75 et
Aste= Wolth.  aFA|RE =R
Gaussian smoothing WH¥% A AAFS g3
2 ZFole diAl Y {88 JRE RESA
I AgE ZAL Aol olE: diE 7k
o= FAtiffusion)s ©] &3 HTHA IE
o] Wo] A%l 3t} Perona & Malik[2]of] 2] 3l
NE olF, Alvarez[3], Yuldle& AAM 44 /A4
4l active countor model & [BI6le] 2 AFE-H & W
How SHA FHEF e Gaussian smoothingel] H] 3|
A A" Ag Boeoh 28y Ase JFeY §

[e}
A

ox, O ofo

[e}
A

0 1 D% 0 (% oo ox fff (O 1o o

Moo T
{
|

oft
=5

2]

B o

-

[e

AA 4ol AfeA ge A%, A 2oy
Ao Ave wa SE ol

2 =RoAMe addd Ad9F AAY &
A ole AAA AES S8 wE UEAas HH 2
HAEH S o]gs FRAA AAF A7 P Al
ebshgith ok W gHE o8 &3 Yl

gl WA A

o olF 7 geuz WEe 1d JEAAE A
g3he otk AA A W 71E PUEIe Fy
AA va wHe Ba A PH F89 3

(159)

29

. O|EH Hi
WU MEQLE HEAE B AdHI Fue
A aAel wER FAHIA glor, Ak £

7R R HEAY] AEd E82 dHolHyY 73
o s T A 5 3o o71A ggolsk ]
ENA WHe NtsAE Ao WA FE A
Juiste] ofe] kA wEol AkE] Th
A 7 de ARgEE e 93t
2, 8 =M E Atd wHeY WMEHA S5
3 sk dudFS AT

st dudgFe e 74

.

AN E 2 QF AHE, 9 do
wato] JMEAS wFsA "o ols)
=9 s=MEE 19 13 2t}

;) +

wy(t+1) =w, @

< Back Propagation =

‘ Initialization |
=

‘ Forward Processing |
‘ Calculate Each Error |
‘ Backward Processing |

]

Next Pattern
Selection

" LastPattern

Fig. 1. Flowchart of back propagation algorithm
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Fig. 5. Simulation images for network learning
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Fig. 8. Process of speckle reduction
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(@) Original image

(b) Output image

Fig. 10 Result about real medical ultrasound image
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(e) By proposed method
Fig. 11. Result comparison with conventional methods
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