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In-Vivo Results

A
xi

al
 P

os
iti

on
 [m

m
]

Lateral Position [mm]
−15 −10 −5 0 5 10 15

0

5

10

15

20

25

30

35

(a) Unfiltered image
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(b) Filtered image
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(c) Filtered image
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(d) Filtered image

Speckle Index CSR ENL

Unfiltered: 0.44 1.46 3.47
Median filter: 0.17 2.76 12.86
MRF method: 0.18 3.28 18.78
Graph-cut method: 0.13 4.00 26.38

(a) Unfiltered Image (b) Median filtered Image

(c) MRF filtered Image (d) Graph-cut based filtered Image

Simulation Results

182 182 163

163 ik 145

145 163 182

(a) Image of size 3× 3. Numbers
represent pixel intensities
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(b) Plot of the Gibbs energy function for the
neighborhood values shown in (a)
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(c) Corresponding probability density

Feed Speckled Image I of Size M×N

Step 1: Initialization Stage
Setαrkkj

, δ andγ

K = 1 (first pixel in the image)

Step 2: Perform uniformity test

ExtractWk compute variation of intensities
about the center pixelik: ∆Wkkj

= |ik −Wkj
|, j = 1, . . . , 8

Evaluate parameters U, H, 01 and 02

Nk =
∑

8

j=1
∆Wkkj

< δ; H = (∆Wkk1
< δ)&(∆Wkk5

< δ)
V = (∆Wkk3

< δ)&(∆Wkk7
< δ); U = (Nk ≥ γ)

O1 = (∆Wkk2
< δ)&(∆Wkk6

< δ); O2 = (∆Wkk4
< δ)&(∆Wkk8

< δ)

Yes

No

Uniformity Test:
Is (U or V or 01 or 02) true ?

Step 3: Perform intensity update

Compute
PIk|Ik1

,...,Ik4
(ik|ik1

, . . . , ik4
),

whereik = Wkj
, andj = 0, . . . , 8

ik ← Ôk

whereÔk = E(Ik|Ik1
, . . . , Ik4

)

=
∑Wk8

ik=Wk0

ikPIk|Ik1
,...,Ik4

(ik|ik1
, . . . , ik4

)

Yes

No

k
←

k
+

1

Step 4:
k > M ×N ?

M ×N = image size

Speckle Reduction Completed

(a) Flowchart of the speckle-reduction approach
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(b) windowWk centered on thekth
pixel

∆Wk2 ∆Wk3 ∆Wk4
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(c) corresponding window after
subtraction ofik

Nonlinear Estimator of the True Image
Given a speckled imageI, consider a nonlinear estimator ofOk, the
kth pixel of the true imageO, defined by the conditional expectation

Ôk = E[Ik|I \ {Ik}] (7)

whereIk\{Ik} is the set of all pixels in the image excludingIk. Now.
using the Markovian nature ofI, we can reduce the above estimator
to

Ôk = E[Ik|Nk] (8)

whereNk = {Ik1
, Ik2

, Ik3
, Ik4
} constitutes the set of intensities of the

four adjacent pixels ofk and the associated cpdf is given in eq. 1.
The proposed estimate is explicitly given by

Ôk =

∫ ∞

0
ikexp[−U(ik, ik1

, . . . , ik4
)]dik (9)

Restricting the set of possible values ofik to the set of intensity val-
ues corresponding to pixels in the window does not alter the result
significantly. Indeed, the probability of any pixel intensity outside
the windowWk being nearly zero, their contribution to the estimated
intensity value is negligible.

Image Quality Assessment Parameters
The effectiveness of the speckle reduction method was quantified us-
ing three different measures of speckle noise: 1) the speckle index,
2) the contrast-to-speckle ratio (CSR) and 3) the Effective-number-
of-looks (ENL). The speckle index is related to the ratio of the local
deviation in pixel brightness to the mean pixel brightness averaged
over the entire image. The local deviation is defined as

σ(m, n) = max
−1≤a,b≤1

(f (m + a, n + b))− min
−1≤a,b≤1

(f (m + a, n + b))

and the local mean is defined as

µ(m, n) =
1

9

1
∑

a,b=−1

(f (m + a, n + b))

The speckle index, SI, is then defined as

SI =
1

MN

M
∑

m=1

N
∑

N=1

σ(m, n)

µ(m, n)
(4)

The CSR is calculated by defining two regions of interest and using
the mean pixel value and the pixel variance to quantify contrast(µ1−
µ2)/µ1), and speckle noise(σ2

1 + σ2
2)

(1/2)/µ1. The ratio of these two
quantities is termed CSR:

CSR = (µ1 − µ2)/(σ2
1 + σ2

2)
(1/2) (5)

The ENL is computed by calculating the mean and the variance of the
intensity over an area:

ENL =
(K−1

0

∑

i∈A Îi)
2

K−1
0

∑

i∈A Î2
i − (K−1

0

∑

i∈A Îi)2
(6)

whereA represents the set of indices corresponding to an area in the
imageÎ andK0 is the number of elements inA.

MRF-Speckle Model Description
The conditional probability density function (cpdf) of the intensity
of the center pixel,ik, given the four neighborsik1

, ik2
, ik3

andik4
is

given by

PIk|Ik1...4
(ik|ik1...4

) = exp
{

−
∑4

j=1 ln
[

B(ik, ikj
)
]

−
∑4

j=1
A(ik,ikj

)

B(ik,ikj
)
+ ln(I0[

C(ik,ikj
)

B(ik,ikj
)
])− 3ln[pIk

(ik)]

} (1)

whereA(ik, ikj
) = |αrkkj

|2ikj
+ ik,B(ik, ikj

) = Ok× (1−|αrkkj
|2 and

C(ik, ikj
) = 2

√

ikikj
|αrkkj

|.

In the implementation phase of the proposed speckle reduction algo-
rithm "Ok" represents the true pixel intensity at index "k". I0[]̇ is a
modified Bessel function of the firsst kind and zero-th order andαrki

kj

is the coherence factor between the pointski andkj. Further the cpdf
obtained in equation 1 has the form

PIk|Ik1...4
(ik|ik1...4

) = exp−U(ik, ik1...4
) (2)

whereU(ik, ik1...4
) = VC1

(ik) + VC2
(ik, ik1...4

) (3)

andVC1
(ik) = 3ln[pIk

(ik)],

VC2
(ik, ik1...4

) =

4
∑

j=1

A(ik, ikj
)

B(ik, ikj
)
− ln[I0[

C(ik, ikj
)

B(ik, ikj
)
]] + ln

[

B(ik, ikj
)
]

The quantityU(ik, ik1...4
) is the energy function, or cost function, of

the MRF; the termsVC1
(ik) andVC2

(ik, ik1...4
) are, respectively, the

single-clique and the pair-clique potential functions. The cpdf in
equation 2 and the energy function in equation 3 are both in terms
of the coherence factorαrkkj

. This coefficient represents the level of
similarity that a pixelk has with one of its fourkk, {j = 1, . . . , 4}.

The major performance limiting factor in visual lesion detection in ul-
trasound imaging is the speckle noise that makes the signal or lesion
difficult to detect. Speckle is a form of multiplicative noise that cor-
rupts medical ultrasound imaging making visual observation difficult.

This work presents an approach that utilizes the capability of MRFs
in capturing spatially correlated signal-dependent patterns. The ap-
proach builds upon embedding the statistical and physical properties
of speckle patterns into a MRF framework. With an effective MRF
model at hand, a nonlinear, computationally efficient denoising filter
is designed based on a conditional expectation of each pixel in the
MRF.

The approach is tested in two simulations and on In-Vivo data. The
first simulation is on a 3 by 3 image to visualize the estimation of each
pixel based on the conditional expectation. The second simulation is
performed on a 70 by 70 test image to quantify the methods ability
to suppress speckle and maintain the edges, showing an improvement
of 59% in SI, 146% in CSR and 441% in ENL.
Finaly In-Vivo data was filtered and compared with a median filter-
ing and a Graph-cut based optimization method. Visual comparison
between the original image and the filtered image, verifies the image
quality increase due to the much lower speckle noise.

A Markov-Random Field Based Filter for Speckle Reduction
in Ultrasound Imagery
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