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Abstract: Ultrasound imaging is a non-mvasive and inexpensive technique for detection of kidney stones. As
the ultrasound unages are affected by speckle noise, the segmentation of the images remains a challenging task.
The manual detection and measurement of segmented stones become cumbersome and suffers from
inter-observer variability. Hence, a computer aided algorithm is required for automatic stone detection and
reproducibility with robust despeckling and segmentation techniques. In this study, an algorithm is developed
by using Adaptive Bilateral Filter (ABF) for reducing speckle noise and mathematical morphological operations
for segmentation of stones in ultrasound kidney images. The speckle reduction performance of ABF is
evaluated byPeak Signal to Noise Ratio (PSNR), Structural Similarity Index Metrics (SSIM) and Edge
Preservation Index ().The proposed stone detection algorithm 1s analyzed through Pratt’s Figure of Merit

(FOM).
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INTRODUCTION

The prevalence of kidney stone is a most common
problem mn human urinary system (Fwu ef al., 2013; Moe,
2006; Rafiei et al., 2014; Romero et al., 2010, Zayid et al.,
2014). Kidney stones consist of various organic and
inorganic substances such as calcareous, uric acid,
cysteine, struvite and ammonium acid combined with
proteins (Moe, 2006). The kidney stones can be inferred
with various pathophysiological symptoms like lumbar
discomfort and dysuria. Conversely certain non-
calcareous stones have singular pathophysiology whichis
not adequate for any diagnostic and therapeutic efforts.
However, due to less common physiclogical symptoms,
the clinicians depend on various medical imaging
procedures like sonogram, radiograph or Computed
Tomography (CT). The use of CT in kidney stone
detection provides accurate diagnostic information (Fwu
et al., 2013; Khan et al., 2004). But the repeated use of CT
diagnostic for patient with renal calculi contributes to an
increased exposure of radiation (Fwu ef al., 2013). B-mode
ultrasound is the best medical imaging technique
compared to CT, (Magnetic Resonance Tmaging) MRI,
etc., concerning their ability of providing good anatomical
details of kidney in a short period, absence of radiation,
no usage of contrast agent, safe to obstetric patients and
low-cost (Khan et al., 2004). However, the visualization of
ultrasound 1mages 1s affected by speckle noise. The

characterization of speckle is a bright non-calculus echo
present in ultrasound images which mimics as renal calculi
(Khan et al., 2004). The ultrasound stone images are
mainly characterized by its large reflectivity. If the size of
the stone 1s dense and large, the echo beam intensity will
be higher and the stone looks brighter than the
surrounding tissues. The sensitivity of ultrasound
imaging 1s higher (nearly 100%) m detection of large and
dense calculi. The challenge for ultrasound imaging is the
detection of smaller non shadow calculi.

Mitterberger et al. (2009) addressed the kidney stone
detection problems i ultrasound image usinga
comparative analysis with Doppler ultrasound. This
analysis is helped in this work to understand twinkling
artifacts caused by the speckle noise. Nirali et al. (2014)
discussed thespeckle filtering and enhancement
techniques to improve the image quality and their
performances. This information was advantageous in
understanding the existing filtering and enhancement
techniques. Tomasi and Manduchi (1998) proposed an
edge preserving, non-iterative Bilateral Filter (BF) for gray
and color image with additive Gaussian noise. This filter
property was essential in case of medical ultrasound
images. Bhonsle et al. (2012) utilized the Bilateral filter for
various medical mmages including X-ray, MRI, CT and
ultrasound considering the smoothing of Gaussian noise.
Tt was proved that the performance of bilateral filter is
better than the linear filters and removes the noise 1 the
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high frequency areas. For the better reduction of speclkle
noise, Bhonsle et al (2012) suggested to convert the
multiplicative speckle model into an additive model.
Tang et al. (2010) offered an ABF concept for speckle
noise reduction in ultrasound cattle follicle images.In their
research, ABFwas derived from the multiplicative noise
model instead of additive model used m bilateral filter
(Tomasi and Manduchi, 1998). The ABF performance was
better than the bilateral filter by improving the contrast
value and edge preservation in homogeneous regions.
Tamilselvi and Thangaraj (201 1ab, 2010, 2012); Tamilselvi
(2013) presented and tested wvarious automatic and
semi-automatic segmentation algorithms such as Artificial
Neuro Fuzzy Inference System (ANFIS) system, active
contour, watershed  segmentation,  morphology,
thresholding and K-means clustering over ultrasound
renal images to detect calculi. The analysis of Tamilselvi
and Thangaraj (20114, b, 2010, 2012) and Tamilselvi (2013)
helped to select a segmentation technique for kidney
stones. Kop and Hegadi (2010) had proposed gradient
vector flow segmentation and Sridhar (2012) proposed a
region growing segmentation for ureteric and bladder
calculi detection m ultrasound mmages. These techniques
require seed point and imitial contour selection for
segmentation which was not comfortable for the
physicians during computer aided segmentation process.
Hafizah and Supriyanto (2012, 2010) and Hafizah ef al.
(2012) discussed the morphological based region of
interest generation and segmentation along with various
filtering and texture analysis procedure for ultrasound
kidney images. The Hatizah et af (2010) research helpedto
understand that the morphological operation on
ultrasound image provides proper texture extraction. The

computer  aided  semi-automatic segmentation
wasachieved  effectively by the morphological
segmentation.

Balocco et al. (2010) proposed the Speckle Reducing
Bilateral Filter (SRBF) for ultrasound images. SRBF was
the extension of bilateral filter framework by calculating
thefilter coefficients wusing Rayleigh PDF and
autocorrelation matrix of the noisycoefficient. Raj and
Veukateswarlu (2012) and Wan and supriyanto (2010)
applied the BF filter framework on wavelet coefficients of
ultrasound mmages to eliminate the noise. The concept of
this multi-resolution approach is to distinguish the
noiseand  image
decomposition.

Sandliyakumar: et al. (2008, 2011) developed a
medical decision making system for ultrasound carotid
artery indiagnosis and classification. These works were
useful 1n comprehending theconcept of automatic
diagnosis of ultrasound mmages. Gupta et @l (2010).

information at each level of

presented an automatic detection of kidney stones with
two algorithms and they made comparison of both. The
robustness of both the algorithms based on efficiency
and relative error m stone area. Even though the
algorithmic performance was high with reduced error rate,
the edge preservation was wealk when using Speckle
Reducing Amsotropic Diffusion (SRAD) filter. In this
study an attempt 1s made for speckle reduction in
ultrasound images that facilitate a better segmentation of
kidney stone.

MATERIALS AND METHODS

Image filtering: Gupta et al. (2010) utilized a Speckle
Reducing Anisotropic Diffusion (SRAD) Filtering for
speckle reduction followed by unsharp filtering. The
author mentioned that the SARD islow inn edge
preservation and showing salt and pepper noise in the
filtered image. This hampers the segmentation process
and needs an image sharpening using unsharp filter. The
histogram equalization is also required to improve the
brightness of the stone. To preserve the edges, this study
uses ABF used for pre-processing. The ABF developed
for US image mn cattle follicle segmentation by Tang et al.
(2010) 18 used here for kidney image enhancement which
is given as:

F(X) = éZYE N(X) x

; , (1)
[r-=| e_—|F(Y)—FX\
20%d 2||F(X)H262r F(Y)
Where:
) Ry
e - AN

C=>YeN(Xp ¥ xec

Equation 1 is an adaptive bilateral filter for image with
speckle noise where, 3 and Y are the spatial distance
between a pixel and its neighborhood in the given
window. |F(Y)-F(X)| measures the distance between the
two mtensity values of pixels X and Y. The first term in
Eq. 1 relates to the low pass Gaussian domain filter which
measures the closeness of geometric distance between
two pixels where the second term corresponds to low pass
range filter which measures the photometric similarity
between F(Y) and (X).The normalization factor C in Eq. 1
ensures that the weight for all the pixels add up to cne.
The 0, 1s the geometric spread parameter in domain
filtering and o, is the photometric spread parameter in
range filtering. The o, value indicates the amount of low
pass filtering whereas o, determines the amount of range
filtering required. More specifically, scaling an mmage up
or down 1s done by adjusting o, and amplified or
attenuated by adjusting o,. The experimental outcomes
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confirm that the ABF performance depends on the
parameters such as window size w and standard
deviations 0, ,0,.

Morphological segmentation: The objects having
struchural and topological properties use the mathematical
morphology concept for its segmentation. The dilation
and erosion are the two basic operations performed in
mathematical morphology followed by gradient, opening,
closing and segmentation. The dilation operation allows
the structuring element of the original object to grow
larger. The erosion operation deletes the pixel in the
dilated image matches the structuring element.

There are two basic ideas in morphoelogical
segmentation that include; finding contour of the object
reconstruction of object of interest by assembling similar
points. The contour of the object 1s resolved by main
morphological tool known as watershed operator. The
object segmentation uses feature extraction by operating
various shape structuring elements. There two types of
morphologies used are Gray scale morphology and
Binary morphology.The basic operations are given in the
below Eq. 3 and 4:

(f&s)(x,y) :max{f(x—a,y—b)+s(a,b)} (3)

(f Gs)(x,y)=max{f(x —a,y ~b) -s(a,b)} “4)
Where:
f = The original gray scale or binary image
s = Structuring element operated on f{x,y) 15 the pixel
of an image f
a,b = The size of structuring element s

After morphological operations the required shape of
object, edges, holes, comers and cracks can be extracted.
The edge detection process utilizes the abrupt intensity
change among the pixels of the background image and
region of mterest. In a noisy image, the edge 1s a set of
connected noisy and noise free pixels. This may cause
false edges and leads to misinterpretation of medical
images. Hence in this study ABF Shi et al. (2010) is used
to attenuate the amplitude of the noisy pixel and to
preserve the actual edges. After applymg ABF, the
consideration of Sobel operator along with morphological
operations detects the region of interest effectively.

Proposed kidney stone detection algorithm: In this study
an umproved combined method 1s proposed to segment
the stone(s) in the ultrasound kidney images. The edge
preserving ABF is applied on speckled ultrasound renal
immage to despeckle it. The gradient mask of the

despeckled image is obtained using the Sobel operator.
The gradient mask contains gaps which are not quite
describing the outline of the calculi region. In order to fill
the gaps in gradient binary mask, the morphological
dilation and erosion operations are applied on the
gradient mask to smooth the image by filling the inner
gaps and to find the outline of the calculi region. Fig.1
shows the flow graph of the proposed method.

Voluson E-8 expert professional diagnostic
ultrasound system (developed and produced by GE health
care )is used for data acquisition of kidney images. It uses
high resolution scanner with curved array transducer with
a frequency range of 5-7.5 MHz. The acquired images are
stored in computer as JPEG or BMP format for further
processing. The image digitization step is performed to
implement the proposed algorithm. The filtering is the next
step to get the better quality of images with initial setting
of filter parameters such as window size (w), domain filter
parameter 0, and range filter parameter o, The filtered
image quality 13 analyzed using PSNR and SSIM metrics
before segmentation. The filtered images possess high
quality when its SSIM value close to 1. If the image
quality 1s not mn acceptable, the g, and/{or) o, values are
adjusted to get the required quality. The Sobel operation
is performed over the filtered image to obtain binary mask.
Then, the morphological operation 1s done in order to
segment and mark the outline of the stone edges. Finally,
the stone area is measuwred either manually or
automatically by marking the required segmented portion.
The proposed algorithm is implemented using MATLAB
image processing tool box.

Performance assessment: The proposed algorithm is
evaluated in two ways Eq. 1 the performance of ABF
investigated using PSNR, SSIM and edge preservation
index (B) Eg. 2 the morphelogical edge detection
performance 1s analyzed in terms of Pratt Figure of Merit
(FOM) and calculi area measurement. PSNR measures

noise reduction between the two images under
consideration and 1s given by:
PSNR =20log,, EESSIS (5)
RMBE

The SSIM i1s another image quality metric which 1s
correlated to the visual perception of human sensory
system of vision. SSIM can be exploited as a benchmark
to measure the image quality, thereby checking the
performance of various 1mage processing algorithms.

(20t 1+ C, )% (205 + C,) (6)
(uf2 U +C1)>< Mo T +C2)

SSIM({f,F)=
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Fig. 1: Ultrasound imaging of renal calculi: a) Calculi with strong shadow; b) Calculi with weak shadow and ¢) Calculi

with no shadow

Where:

K = The mean

o; = The standard deviation of an reference noise free
image f(x,y) over the selected window

up = The mean

0y = The standard deviation of a despeckled image
F(x,y) over the selected window

0y = The co-variance between the origmal and

despeckledimage over a window
Assume, C,<<0,0; and C,<<0,0
Cr oty (7
Where:
K,<<1 = Small constant with default range [0.01 0.03]

The dynamic range of pixel value (default 255
for 8 bt gray scale umages

=
Il

1 :(k1L)2 ®
c,/2 9)

3=

Where:
K;<<1 = Small constant with default range [0.01 0.03]
C C = Ciare positive constants to nullify the effect

of constants appearing in the SSTM Eq. 10

In ultrasound imaging, the edge preservation of
original image is necessary while suppressing the
noisesince the original image that often contains features
of mterest for therapeutic mterpretation. The edge
preserving index (Bw) used here is to determine the edge
preserving capability of the filter:

b r(Af—AEAF—A?) 10)
- ,Jr(af — AT, Af - AT r{AF - AF,AF - AF)

Where:
s = Laplacian operator
f = COriginal reference image and F is either the

noise corrupted image or noise suppressed
image
fand F = The means of f and F
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This is a measure of correlation between two images.
To perform this calculation the Laplacian operator is
used 1n its 3x3 version. The Pratt’s Figure of Merit (FOM)
1s an assessment criterion for edge detection process is
glven as:

1 w1
FOM:m:JX(NELNI)Z":‘IJra;:i,2 (11)
Where:
N; = The number of pixels outlined by an automatic
segmentation method
Ny = The number of boundary pixels outlined by the
experts
d® = The Euclidean distance between a boundary

pixel outlined by the experts and the nearest
boundary pixel extracted by
segmentation and a s a scaling constant (0.05
used here)

automatic

RESULTS AND DISCUSSION

It is easy to locate the renal calculi along with
posterior acoustic shadowing. The posterior acoustic
shadowing may be absent, weak or strong in various
images based on its focal zone positioning as shown in
Fig. 1. The shadowing
positioning the focal zone at the depth of the stone.

can be strengthened by
However detection of calculi 1s difficult when stones are
hidden by tissues that attenuates ultrasound beam such
as renal sinus fat, mesenteric fat and bowel. In such cases
the posterior acoustic shadowing may be weak or absent.
The posterior acoustic shadowing also reduces the
detection rate of calculi in the presence of multiple calculi
one under another. Here the proposed algorithm 1s
developed for calculi with no posterior acoustic shadow.
algorithm  tested
qualitatively and quantitatively through experiments over

The proposed stone detection
ultrasound renal mmages acquired from various patients.
The speckle noise is simulated in these images to do the
experiment.

Figure 2 shows the speckle reduction performance of
ABF, Lee filte (Nirali et af., 201 4) and wavelet thresholding
(Wan and Supriyanto, 2010). Figure 2a 1s the ultrasound
kidney image having a speckle noise of variance 0.1.
Figure 2d shows that the ABF not only preserves the
edges, but it also enhances the visual quality of the image
comparatively with the other two filtering techniques
shown in Fig. 2bc. In Fig. 2¢, the clarity is poor than that
of 2d but edge preservation is moderate. The kidney stone
mn Fig. 2d 1s difficult to mterpret because of its blurred
edges due to poor speckle reduction.

The values of FOM should be close to one for better
edge detection performance of the algorithm presented.
Here the value obtained is around 0.8 approximately,
which indicates that, the ABF outperformed the other two
filters. Figure 3a shows the graphical representation of
Table 1. The ABF achieved better PSNR values than Lee
filter and wavelet thresholding method. Higher the PSNR
value indicates improvement in image quality due to noise
minimization. Figure 3b gives the SSIM comparison
between three filters represented in Table 2. The SSIM
delivers more evidence about the unage degradation of
the denoised umage. It can assess the similarity between
the reference and denoised image better than PSNR.The
SSIM value lies between 0 and 1. The value nearest to 0
indicates the bad quality of image whereas 1 for good
quality.

The ABF algorithm for ultrasound denoising has
better SSIM value than other two filters for different noise
variance. Tt represents the visual quality of denoised
output image is better with ABF. The p value should be
close to 1 for optimal effect of edge preservation. The
higher value of & mdicates the effectiveness of the edge
preservation capability as shown m Table 3 and Fig. 3c. It
15 evident that the wavelet thresholding techmque has
less P value when compared to Lee and ABF. Among
them the ABF exhibits better performance in terms of edge
preservationwhich is shown in Fig. 3c¢.

Table 1: Comparison of PSNR value for ABF, wavelet thresholding and
lee filter obtainedfor different noise variances. The walue for
Fig. 3 is highlighted

Noise

variance Wavelet Lee filter ABF

a =05 27.5208 30.2506 66.8992

o=03 27.8132 30.7039 68.7900

o=0.1 30.1359 31.8694 73.0072

a=0.05 32.4883 32.8362 75.4035

o=0.03 34,2279 33.6719 76.9192

g=0.01 38.4170 35.5691 79.1743

Table 2: SS8TM value for ABF, wavelet thresholding and Tee filter obtained
different noise variances. The value for Fig, 3 is highlighted

Noise

variance Wavelet Lee filter ABF
a=0.5 0.5363 0.8268 0.9992
o=03 0.5928 0.8498 0.9994
o=01 0.8028 0.8976 0.9997
a=0.05 0.9146 0.9193 0.9998
o=0.03 0.9342 0.9321 0.9998
a=0.01 0.9651 0.9503 0.9999

Table 3: Comparison of edge preservation index (B)for ABF, Wavelet
thresholding and lee filter obtained for different noise variances.
The value for Fig. 3 is highlighted

Noise

variance Wavelet Tee filter ABF

a=0.5 0.3445 0.4526 0.6641
o=03 0.2495 0.4521 0.6435
a=0.1 0.3879 0.5014 0.6872
o=10.05 0.3081 0.4873 0.5985
a=0.03 0.3882 0.5427 0.6388
g =0.01 0.2919 0.4139 0.5719
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Fig. 2: Noise suppression performance: a) Noisy renal image; b) Wavelet thresholding and ¢) LEE filter and d) ABF
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Fig. 4 Comparison of stone detection performance: a) Acquired original image with calculi region marked by expert; b)
Stone detection with wavelet thresholding and morphological segmentation; ¢) Stone detection with lee filtering
and morphological segmentation and d) Stone detection with ABF and morphological segmentation (Proposed

method)

Table4: Comparison of FOM for ABF, wavelet thresholding and lee filter
obtained for different noise variances. The value for Fig. 5 is

highlighted

Noise

variance Wavelet Lee filter ABF
o=0.5 0.5221 0.7527 08117
g=0.3 0.5208 0.7511 0.8111
o=01 0.5456 0.7877 0.8432
o=0.05 0.4999 07124 0.8099
o=0.03 0.5388 0.7497 0.8100
g=0.01 0.4789 0.6909 0.7998

For this analysis various images are considered with
various noise variances. FOM of the proposed algorithm
1s calculated for a sample renal image for different value of
noise varance 1s shown in Table 4 and Fig. 3d. The values
of FOM should be close to one for better edge detection
performance of the algorithm presented. Here the value
obtamed 1s around 0.8 approximately which indicates that,
the ABF outperformed the other two filters.

Figure 4 shows the renal calculi detection
performance of despeckled images using various filters.
Figure 4a shows the ultrasound renal image with two
calculi as an mput reference umage and the calculi present
are marked by an expert. In wavelet filtered renal umage,
multiple segmented objects were detected which can lead

to misinterpretation as shown mn Fig. 4b. This 1s due the
blurring of edges during the despecklingprocess. In the
Lee filter image, instead of segmenting two different
caleuli, the segmentation process considers it n to a
single calculus shown in Fig. 4c. Again this will leads to
wrong diagnosis. Figure 4d shows the output of the
proposed method where the exact segmentation 1s done.
It proves that the ABF based morphological segmentation
1s more effective than any other method.

CONCLUSION

This study has presented a
segmentation algorithm using adaptive bilateral filtering
and morphological segmentation for medical ultrasound
renal images. The performance of ABF is tested using
P3NR, SSIM and edge preservation index for speckled
ultrasound renal images. For comparison the Lee filter and
wavelet thresholding techniques were considered.
Morphological segmentation is also performed over
filtered images. The effectiveness of morphological
segmentation 1s tested using FOM. It shows that the
segmentation through adaptive bilateral filtering 1s

semi-automatic
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effective than other filters. The better noise reduction of
ABF gives a trouble free analysis of renal images.

LIMITATIONS

The limitation of this method is the selection of
optimal filter parameters. In this research a constant value
of filter variances are assumed.

SUGGESTIONS

The future research will be the optimization of the
ABF through the optimal selection of filter parameters
according to the amount noise present.
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