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Abstract — Mostly the images captured through
coherence illumination are formed with higher
level of speckle noise. The success ratio of
segmentation after the preprocessing of the
image that involves denoising depends on the
extent of the removal of noise from the image. In
the preprocessing stage, the noise present in the
medical image has to be removed while
preserving the edge information and other
structural details of the image. This research is
focused on design of algorithms for speckle
denoising of Ultra Sound images and Optical
Coherence Tomography images spatial
domain. Standard speckle filters in spatial
domain were analyzed and compared with the
proposed method. Results obtained proved that
the proposed method performed better than the
existing spatial domain filters in denoising and
preserving the edge details.
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1. INTRODUCTION

Medical images are usually corrupted by noise
during acquisition and transmission. The main
objective of image restoration is to remove the
noise as much as possible and at the same time
important features of the image must be retained.
Diagnosis of the captured image becomes difficult
due to the distortion of visual signals. These
distortions are termed as ‘Speckle Noise’. Speckle
noise occurs in almost all coherent imaging systems
such as laser, acoustics and SAR imagery and
because of this noise the image resolution and

contrast are reduced, hence reducing the accurate
diagnostic of the imaging modality[1]. So, reducing
the speckle noise is the first step in coherent
medical images. A tradeoff between noise reduction
and retaining the features of the image should be
made to improve the interpretation of the image.

The image restoration techniques are based on
mathematical and statistical models of image
degradation. Denoising methods are problem
specific and depends upon the corresponding noise
model of an image. The noise removal technique
has to be chosen depending on the level of quality
degradation of the image. Several techniques are
proposed for image de-noising and each technique
has its advantages and disadvantages. There are
two types of denoising techniques: spatial domain
filtering and transform domain filtering[2]. Spatial
domain filters are further classified as linear filters
and non-linear filters. The linear filters perform
simple filtering, but it ignores the regional structure
and the resulting image often appears blurry and
diffused. This undesirable effect is reduced by non-
linear filtering techniques, in which local structures
and statistics are taken into account during the
process of filtering.

2. REVIEW OF LITERATURE

]J.S. Lee et al[3] proposed an edge preserving filter.
The outcome of the Lee filter is almost equal to the
local signal mean in the flat parts of the signal. But
in the rapidly varying parts of signal, the output of
the Lee filtering is almost equal to the observed
signal value.
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Jingdong et al[4] stated that Wiener filter is able to
preserve edges and other high-frequency
information in the image. It estimates the original
data with minimum mean-squared error and hence,
the overall noise power in the filtered output is
minimal.

P.Perona et al[5] developed anisotropic diffusion a
powerful filter where local image variation is
measured at every point, and pixel values are
averaged from neighborhoods whose size and
shape depend on local variation. Diffusion methods
average over extended regions by solving partial
differential equations, and are therefore inherently
iterative.

John A Hossack et al[6] extended the 2D speckle
reduction technique (SRAD) to 3D. Its performance
was considered superior to other conventional
filters in terms of smoothing uniform regions and
preserving edges and features.

Shin Min Chao et al[7] proposed Detail Preserving
Anisotropic Diffusion Filter (DPAD). The filter was
able to preserve edges and fine details by including
local gradient and gray-level variance and at the
same time it was able to remove the noise. But the
filter cannot be applied to the images that contain
impulse noise because such type of noise contains
higher gray-level variance and gradient than the
edges and fine details.

Wang et al [8]proposed a new class of fractional-
order anisotropic diffusion equations for image
denoising. It is a generalization of second-order and
fourth-order anisotropic diffusion equations.

Rudin et al[9] proposed total variation (TV) filter
which is also iterative in nature. The total variation
of the image is minimized subjected to constraints
involving the statistics of the noise. The constraints
are imposed using Lagrange multipliers.

Tomasi et al[10] proposed bilateral filter which
was simple and non-iterative for edge preserving
and smoothing. It combines gray levels or colors
based on both geometric closeness and photometric

similarity, and prefers near values to distant values
in both domain and range.

Buades et al proposed non local means filter, which
averages similar image pixels defined according to
their local intensity similarity.

2.1 Review Findings

e Low-pass filters smoothes the whole image,
regardless of the local effect of noise. As they do not
distinguish between noise and information in high-
frequencies, low-pass filters blurs the fine details in
the image regardless of the valuable
information[11].

e Ordered statistics filter affects the image uniformly,
regardless of the local effect of noise. It often
creates artifacts in the image, especially around fine
details and it is strongly influenced by the sample
size (i.e. window size)[12].

o Linear filters tend to blur sharp edges, destroy lines
and other fine image details, and perform poorly in
the presence of signal-dependent noise[13].

e With non-linear filters, the noise is removed
without any attempts to explicitly identify it.
Generally spatial filters remove noise to a
reasonable extent but at the cost of blurring images
which in turn makes the edges in pictures
invisible[14].

e Statistical filters available for speckle reduction are,
Mean, Kuan, Frost and Lee filter etc. Results show
that statistical filters are good in speckle reduction
but they also lose important feature details.
Additionally prior knowledge about noise statistics
is a prerequisite for statistical filters[15].

o Spatial domain filters also causes the small and less
contrast lesions to disappear along with the noise,
which will affect the direct use of them in
enhancing the medical images for diagnostic

purpose[16].
3. MATHEMATICAL MODEL OF SPECKLE NOISE

Speckle Noise is multiplicative in nature. This type
of noise is an inherent property of coherent
imaging. It affects the diagnostic value of imaging
modality, because of reduced image resolution and
image contrast. So, speckle noise reduction is an
essential preprocessing step, in coherent medical
images. Mathematically, the speckle noise is
represented with the help of these equations below:
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gl v) = flxy) =ulxv)+ Flx.v) (10

Where, glze.v) is the observed image, ulx.y) is the
multiplicative component and &(n.mlis the additive
component of the speckle noise. Here x’ and ‘y’ denotes
the radial and angular indices of the image samples. As in
coherent imaging, only multiplicative component of the
noise is to be considered and additive component of the
noise has to be ignored[17]. Hence, equation (1) can be
modified as;

gz y) =flxy) sulxy)+ &xy) — =y (2)
Therefore,
gl y) = fla,y) s ulx, y) (3)

4. PROBLEM FORMULATION

The proposed work is targeted to remove speckle
noise while retaining as much as possible important
signal features, enhancing edges without changing
features, and to provide a good visual appearance.
For medical images often Low Peak Signal to Noise
Ratio (PSNR), High Root Mean Square Error (RMSE)
and Low Edge Preservative Factor (EPF) are
obtained. But if the PSNR is too small or the
contrast too low it becomes very difficult to detect
anatomical structures because tissue
characterization fails. Hence for a visual analysis of
medical images, the clarity of details and the object
visibility are important, so high PSNR, low RMSE &

and high EPF are required.

4.1 Development of Adaptive Lee Filter

An Adaptive Lee Filter (ALF) is developed for
suppressing speckle noise by estimating the noise
Oy, using inter-quartile range, a robust estimate of
the spread of the noise. An adaptive window size of
3*3 is selected, if the estimated noise Ty is less than

or equal to 10. A window size 5*5 is selected, if the
estimated noise o, is between 10 and 30 and
window size 7*7 is selected, if the estimated noise
is above 30. This filter is a modified version of lee
filter where the size of the window varies with the
level of complexity of a particular region in an
image and the noise power as well. A smooth or flat

region (also called as homogenous region) is said to
be less complex as compared to an edge region. The
region containing edges and textures are treated as
highly complex regions. The window size is
increased for a smoother region and also for an
image with high noise power.

The work begins by estimating the level of speckle
noise present in the input image. Inter Quartile
Range (IQR)[18] is used as a robust measure to
estimate the noise present in the image. The size of
the window is determined based on the noise
estimation. The window size is made larger in
smooth regions and is kept smaller in the regions
where edges are located. In order to estimate a
noiseless pixel in a particular region from a noisy
image, more number of pixels in the neighborhood
surrounding the noisy pixels are required. As
correlation is more in homogenous region, a larger
sized window is considered if the pixel to be filtered
belongs to a homogenous region[19]. On the other
hand, smaller-sized window is wused if the
neighboring pixels are less correlated and belongs
to a non-homogenous region or the edge region.

However, a little bit of noise will still remain in the
non-homogenous or edge region even after
filtration. But human eye is not so sensitive to noise
in any edge region. Hence, a variable sized window
may be a right choice for efficient image denoising.
In the proposed adaptive window lee filter, the
window is made adaptive i.e. the size of the window
varies from region to region. Sigma and the
similarity index are calculated within each window
and finally the filtered image f(x,y) is obtained and
the filtered image is evaluated with the assessment
parameters mentioned in section V.

4.2 Algorithm for Adaptive Lee Filter.

Step-1: Read the noisy image I(x,y)

Step-2: Estimate the noise
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0y =0.7413 * IQR(T 1)
Step-3: Determine the window_size

i) If (g, <10), then a window of size [3*3]

is selected for filtering the noisy pixels
belonging to homogenous regions.

ii) If (10<0,<30) then a window of size

[5*5] is selected for filtering the noisy
pixels belonging to flat regions.

iii) If (ox> 30) then the size of the window is
[7*7].

| ':[u}'.].'_‘u_ mean)’

Step-4: Calculate sigma =~

window_size

to obtain the

pixel of interest.

slgma)z
MEean

Step-5: Calculate the similarity index SI = (

Step-6: Filtered image is obtained using

. (Ifyy) +mean?)
(xy) = mean — qI
Step-7: The filtered image is evaluated using
various performance metrics like PSNR,
RMSE, I1QI, SSIM, NMV, NSD, ENL, DR, FOM,
CC.

Step-8: Stop
5. IMAGE METRICS

5.1 Peak Signal to Noise Ratio

Peak Signal to Noise Ratio (PSNR)[20] is one of the
most essential statistical parameter for quality
measurement of an image or signal. It is used as an
estimate to measure the quality of objective
difference between the noisy and the denoised
image. The basic idea is to compute a single number
that reflects the quality of the reconstructed image.
Higher PSNR value provides higher image quality. It
is calculated as;

PSNR = 10+ log10 (E)
(4)

5.2 Root Mean Square Error

Root Mean Square Error (RMSE) [21], is an
estimator in to quantify the amount by which a
noisy image differs from noiseless image. RMSE is
computed by averaging the squared intensity of the
noisy image and the denoised image, where error is
the difference between desire quantity and
estimated quantity. Having a RMSE value of zero is
ideal.

| 3 2
|| iz 12;':: 1|::f':x-!r'3' - f':x..}'}_}

RMSE = N —

(5)

5.3 Image Quality Index

The Image Quality Index (IQI)[20] is a measure of
comparison between original and distorted image. It is
divided into three parts: luminance [(x,y), contrast

¢(x, v}, and structural comparisons s{x, ¥} as mentioned

in equation (6),(7) and (8). The dynamic range for I0I(x,
y)is[-1,1].

v .
1x,y) =2 6
Gy ! ©)
E{J:J ?:]:IEIEJ_. 7
=g (7
sCry) = —= (8)
Ox+ 0y
IQII:I, },:, =I(x, }.:,. C[I_.}'j'-i":x_.}':l — Fldy By (9)

fck+ B+ o)
5.4 Structural Similarity Index

The Structural Similarity Index (SSIM) [20]
measures the similarity between two images which
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is more consistent with human perception than
conventional techniques. The range of values for
the SSIM lies between -1, for a bad and 1 for a good
similarity between the original and despeckled
images, respectively.

|Zp gy + €I (ST +£3)

S5IM(x,y) =

(10)

o, +#§,+r1)(5§+5§+r2}

5.5 Noise Mean Value (NMV), Noise Standard
Deviation (NSD)

Noise Variance determines the contents of the speckle in
an image[22]. A lower variance gives a “cleaner” image
as more speckle is reduced, it is not necessarily that it
should depend on the intensity of the image. The
formulas for the NMV and NSD calculation are as follows.

flirﬂ'f“ = - (11)
P S —
Nsp = |Fretfalra-nn 2

4 reg
5.6 Pratt’s Figure of Merit (FOM)

It measures edge pixel displacement between each
filtered image Iric and the original image Iorg It is
defined as[23]:

1 1

FOM = - e

o i=1 T
ma | NFie, N”’-"‘E"- : S ltdim

(13)

where Ngic and Norg are the number edge pixels in
edge maps of If: and lorig. Parameter a is set to a
constant 1/9, and d; is the euclidean distance
between the detected edge pixel and the nearest
ideal edge pixel. The FOM[23] metric measures how
well the edges are preserved throughout the
filtering process. This metric has a significant
relationship with the overall quality score at 1%
significance level.

5.7 Equivalent Number of Looks

Equivalent Numbers of Looks (ENL)[22] is a measure to
estimate the speckle noise level in the image. The value
of ENL depends on the size of the tested region;
theoretically a larger region will produces a higher ENL
value than a smaller region. The formula for the ENL is

rL
ENL=""C (14)

5.8 Deflection Ratio (DR)

The formula for the deflection ratio calculation is;

1 (falrc)-NmM1y
DR = — _—
Rl E*’-f NED

(15)

After speckle reduction the deflection ratio[20]
should be higher at pixels with stronger reflector
points and lower elsewhere.

5.9 Correlation Coefficient (CC)

For digital images, correlation is a measure of the
strength and direction of a linear relationship between
two variable. A correlation of 1 indicates a perfect one-
to-one linear relationship and -1 indicates a negative
relationship. The square of the correlation
coefficient[24] describes the variance between two
variables in a linear fit. The Pearson’s correlation
coefficient is defined as;

Tilf — ) FimE
p= i) fiofm) (16)

| P e v2 lo e w T
W B =En? o Ll

where, £ and f; are intensity values of ith pixel in noisy
and denoised image respectively. Also, f, and f, are

mean intensity values of noisy and denoised image
respectively.

5.10 Execution Time

Execution Time(ET) [25]of a denoising filter, is defined
as the time taken by a processor to execute an algorithm
when no other software, except the operating system
(0S), runs on it. Execution time is referred with respect
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to the system’s clock time-period. The execution time
taken by a filtering algorithm should be low for real-time
image processing applications. Hence, when all metrics
give the identical values then a filter with lower
execution time is better than a filter having higher
execution time.

6. RESULTS AND DISCUSSION

The experiments were carried out on a Core i3; 2.4
GHz processor with 4GB RAM using MATLAB
R2009. An objective evaluation of the existing
denoising filters like Enhanced Lee filter, Weiner
filter, Total Variation filter and Bilateral filter and
proposed adaptive Lee filter is given in Table 1. The
proposed adaptive Lee filter has produced a higher
PSNR value compared with other existing filters
equally it has produced a higher RMSE value than
other existing filters. But for agood denoising filter
the PSNR value should be high with the RMSE value
close to zero.

The higher IQI value of the proposed adaptive Lee
filter indicates that quality of the denoised image is
very close to 1, indicating that the level of distortion
to the denoised image is very less. The SSIM value is
high for total variation filter, indicating that the
structural similarity of the denoised image is close
to the structures of the original image even after
removing the noise.

The NMV value and NSD value are very high in the
proposed adaptive Lee filter whereas the existing
filters have less value indicating that the content of
speckle level is more in the denoised image. For the
measure of ENL there is a slight difference between
Bilateral filter and the proposed adaptive Lee filter
indicating better speckle removal in an larger
uniform area.

The higher DR value in the proposed adaptive Lee
filter indicates strong reflecting pixels in denoised
image. The FOM value indicates that the proposed
adaptive Lee filter is able to provide better edge
preservation than Bilateral filter. The higher CC
value of the proposed adaptive Lee filter indicates

© 2015, IRJET

that there is a better linear relationship between

noisy image and denoised image.

Visual results of the proposed adaptive lee filter are
listed in Table 2. Figure (a),(c),(e),(g) are two noisy
ultrasound and two noisy optical

(b),(d),(£),(h) are

tomography
denoised

images.
ultrasound

Figure
and

optical

coherence

coherence

tomography images obtained using the proposed
method.

Table 1. Performance Evaluation of existing
denoising filters with proposed adaptive lee filter.

ixisting Spatial Domain Filters
mlsg;'ics Enhanced ;. . FO;ZL ot Bilatera Proposed
Lee ion 1

PSNR 16.04 6.13 18.78 40.20 11.1135
RMSE .01 132 .98 1.52 9.133
QI ).8554 .9517 ).9520 ).9575 ).9914
\SIM ).7893 .8845 ).9214 ).9204 ).8975
VMV 13.72 19.45 17.92 16.62 18.2771
vSD 42 .92 .87 ).01 ).7910
rNL 13.6621 19.291 15.2145 18.2367 18.6290
DR ).0014  ).0238 ).0008 ).03436 ).6198
'OM VA VA VA ).8263 ).8125
IC ).0209 ).0762 VA VA ).6550
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Table 2. Visual results of proposed adaptive lee filter.

lenoised Image

7. CONCLUSION

As a prerequisite, Ultrasound images and Optical
Coherence Tomography images should undergo
denoising before being interpreted by the medical
expert. The proposed work was tested with 25
Ultrasound images and 25 Optical Coherence
Tomography images. The images were obtained
from online database. The proposed algorithms

were evaluated with several image metrics. The
results shows that the proposed method performed
better than the existing filters, but the visual results
shows that some amount of speckle noise was still
present in the denoised image. Hence future work
can be proposed to denoise the speckle effects of
coherence images through wavelet transforms
which promises to reduce the speckle noise while
maintaining the edge details of the original image.

REFERENCES

[1] A. Pizurica, L. Jovanov, B. Huysmans, V. Zlokolica, P. De
Keyser, F. Dhaenens, and W. Philips, “Multiresolution
Denoising for Optical Coherence Tomography: A
Review and Evaluation,” Curr. Med. Imaging Rev., vol. 4,
no. 4, pp. 270-284, 2008.

[2] R. Sivakumar, M. K. Gayathri, and D. Nedumaran,
“Speckle filtering of ultrasound B-scan images - A
comparative study between spatial and diffusion
filters,” ICOS 2010 - 2010 IEEE Conf. Open Syst., vol. 2,
no. 6, pp. 80-85, 2010.

[3] ]. S. Lee, J. H. Wen, T. L. Ainsworth, K. S. Chen, and A. J.
Chen, “Improved sigma filter for speckle filtering of
SAR imagery,” IEEE Trans. Geosci. Remote Sens., vol. 47,
no. 1, pp. 202-213, 2009.

[4] J. Chen, ]. Benesty, Y. A. Huang, and S. Doclo, “New
Insights Into the Noise Reduction Wiener Filter,” IEEE
Trans. Audio. Speech. Lang. Processing, vol. 14, no. 4, pp.
1218-1234, 2006.

[5] P. Guidotti and K. Longo, “Two enhanced fourth order
diffusion models for image denoising,” J. Math. Imaging
Vis., vol. 40, no. 2, pp. 188-198, 2011.

[6] Q. Sun, J. A. Hossack, ]. Tang, and S. T. Acton, “Speckle
reducing anisotropic diffusion for 3D ultrasound
images,” no. October, 2015.

[7] S-M. Chao and D.-M. Tsai, “Astronomical image
restoration using an improved anisotropic diffusion,”
Pattern Recognit. Lett., vol. 27, no. 5, pp. 335-344,
2006.

[8] H. Wang, Y. Wang, and W. Ren, “Image denoising using
anisotropic second and fourth order diffusions based
on gradient vector convolution,” Comput. Sci. Inf. Syst.,
vol. 9, no. 4, pp. 1493-1511, 2012.

[9] L. I. Rudin, S. Osher, and E. Fatemi, “Nonlinear total
variation based noise removal algorithms,” Phys. D
Nonlinear Phenom., vol. 60, no. 1-4, pp. 259-268, 1992.

[10] C. Tomasi and R. Manduchi, “Bilateral filtering for gray
and color images,” Sixth Int. Conf. Comput. Vis. (IEEE
Cat. No.98CH36271), 1998.

[11] G.Z.Yang, P. Burger, D. N. Firmin, and S. R. Underwood,
“Structure adaptive anisotropic image filtering,” Image
Vis. Comput., vol. 14, no. 2, pp. 135-145, 1996.

[12] F.]Jin, P. Fieguth, L. Winger, and E. Jernigan, “Adaptive
Wiener filtering of noisy images and image sequences,”
Proc. 2003 Int. Conf Image Process. (Cat.
No.03CH37429), vol. 3, no. 1, pp. 3-6, 2003.

© 2015, IRJET

IS0 9001:2008 Certified Journal

Page 2556



‘!, International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395 -0056
JET Volume: 02 Issue: 09 | Dec-2015 www.irjet.net p-ISSN: 2395-0072

[13] G. Padmavathi, P. Subashini, M. M. Kumar, and S. K.
Thakur, “Performance analysis of Non Linear Filtering
Algorithms for underwater images,” Int. J. Comput. Sci.
Inf. Secur., vol. 6, no. 2, pp. 232-238, 2009.

[14] S. K. Satpathy, S. Panda, K. K. Nagwanshi, and C. Ardil,
“Image Restoration in Non-Linear Filtering Domain
using MDB approach,” Int. J. Inf. Commun. Eng., vol. 6,
no. 1, pp. 45-49, 2010.

[15] F. Argenti and L. Alparone, “Speckle removal from SAR
images in the undecimated wavelet domain,” IEEE
Trans. Geosci. Remote Sens., vol. 40, no. 11, pp. 2363-
2374, 2002.

[16] Q. Zhao, X. Wang, B. Ye, and D. Zhou, “Mixed image
denoising method of non-local means and adaptive
Bayesian threshold estimation in NSCT domain,” Proc. -
2010 3rd IEEE Int. Conf. Comput. Sci. Inf. Technol. ICCSIT
2010, vol. 6, pp. 636-639, 2010.

[17] A. Achim, A. Bezerianos, and P. Tsakalides, “Novel
Bayesian multiscale method for speckle removal in
medical ultrasound images,” IEEE Trans. Med. Imaging,
vol. 20, no. 8, pp. 772-783, 2001.

[18] F. A. Jassim, “Image Denoising Using Interquartile
Range Filter with Local Averaging,” no. 6, pp. 424-428,
2013.

[19] C.]Ju and C. Moloney, “An edge-enhanced modified Lee
filter for the smoothing of SAR image speckle noise,”
Proc. IEEE Work. Nonlinear Signal Image ..., no. 2, 1997.

[20] Y.aY. Al-najjar and D. C. Soong, “Comparison of Image
Quality Assessment: PSNR, HVS, SSIM, UIQI,” Int. J. Sci.
Eng. Res., vol. 3, no. 8, pp. 1-5, 2012.

[21] C. ]J. Willmott and K. Matsuura, “Advantages of the
mean absolute error (MAE) over the root mean square
error (RMSE) in assessing average model
performance,” Clim. Res., vol. 30, no. 1, pp. 79-82, 2005.

[22] S.C. K. S. C. Kang and S. H. H. S. H. Hong, “A speckle
reduction filter using wavelet-based methods for
medical imaging application,” 2002 14th Int. Conf. Digit.
Signal ~ Process. Proceedings. DSP 2002 (Cat.
No.02TH8628), vol. 2, pp. 2480-2483, 2002.

[23] L. Gagnon, “Speckle filtering of SAR images: a
comparative study between complex-wavelet-based
and standard filters,” Proc. SPIE, pp. 80-91, 1997.

[24] Y. H. Chang, X. H. Wang, L. a. Hardesty, T. S. Chang, W.
R. Poller, W. F. Good, and D. Gur, “Computerized
assessment of tissue composition on digitized
mammograms,” Acad. Radiol., vol. 9, no. 8, pp. 899-905,
2002.

[25] A. PiZurica, W. Philips, I. Lemahieu, and M. Acheroy, “A
versatile wavelet domain noise filtration technique for
medical imaging,” IEEE Trans. Med. Imaging, vol. 22,
no. 3, pp. 323-331, 2003.

© 2015, IRJET IS0 9001:2008 Certified Journal Page 2557



