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Abstract

Organ segmentation is an important step in Ultrasound fetal images for early prediction of congenital abnormalities and to
estimate delivery date. In many applications of 2D medical imaging, they face problems with speckle noise and object contours.
Frequent scanning of fetal leads to clinical disturbances to the fetal growth and the quantitative interpretation of Ultrasonic
images also a difficult task compared to other image modalities. In the present work a three-stage hybrid algorithm has been
developed to segment the US fetal kidney images for the detection of shape and contour. At the first stage the hybrid Mean
Median (Hybrid MM) filter is applied to reduce the speckle noise. Then a kernel based Fuzzy C - means clustering is used to
detect the shape and contour. Finally, the texture features are obtained from the segmented images. Based on the obtained texture
features, the abnormalities are detected. The Gaussian Radial basis function provides an accuracy of 80% at the second and third
trimesters with weighted constant ranging from 4 to 8, compared to other global kernel functions. Similarly the proposed method

has an accuracy of 86% with compared to other FCM techniques.

Keywords Hybrid MM Filter - KFCM - Dice coefficient - Jaccard index

Introduction

Segmentation plays a key role in medical imaging and abnor-
mality detection techniques. The appropriate imaging tech-
niques such as Computer Tomography (CT), Magnetic
Resonance Imaging (MRI) and Ultrasound (US) play a major
role in projecting, and early detection of many abnormalities,
prediction of delivery time etc., in combination with a set of
powerful image segmentation and classification methods.
Ultrasound (US) Imaging is a cost-effective real-time imag-
ing, provides high spatial resolution, also no risk for mother
and fetus and hence US images are predominant in obstetrics
and gynecology. It is an operator dependent technique and the
performance is limited by image resolution and fetal position.
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The dependence of fetal renal abnormalities on gestational
age is presented in [1] and the results shows that only 56
percentages of anomalies have been determined at 24 weeks
hence a precious technique is needed for better prediction.
Recent studies indicate that up to 1 per 6000 pregnancies are
identified in congenital disorders with obstructive uropathies
contributing to 24% of prenatal detection of congenital abnor-
malities. In pregnancy, second and third trimesters play a key
role in the detection and monitoring of fetal and parental
health status [2].

The second and third trimester ranges from the 13th week
to 36th week where several scans related to heart, lungs, kid-
ney and brain are made to assess and ensure the healthy de-
velopment of organs of the fetus. The second and third trimes-
ter ultrasound fetal image is shown in Fig. 1a and b.

The use of fetal Magnetic Resonance Imaging (MRI) for
the prediction of central nervous system anomalies at second
trimester has been illustrated in [3]. However, this method has
limitations in lacking of equipment and experts, also it has
time and cost complexity. The MRI causes damage to the fetus
up to 1.5 Tesla. Hence it is advisable to use Ultrasonography
for fetal growth detection.

Fetal kidney can be visualized only from 9th week and
completely seen in 12th week through trans-abdominal and
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(b) 26 week 3D fetal US Image
Fig. 1 a 26th week 3D Fetal US Image, b 15th week 3D Fetal US Image

transvaginal sonography in [4]. Using appropriate segmenta-
tion methods, several abnormalities could be detected at the
early stage of second trimester to avoid future fatal complica-
tions. Some of the abnormalities that may be detected include
bilateral renal agenesis, infantile polycystic kidney disease,
multicyclic dysplastic kidney disease and hydrophrosis etc.
The first abnormality can be detected in the second trimester
characterized by an absence of bladder and absence of fetal
kidneys in the scanned image. In the next case, the polycystic
disease is prevalent at a rate of 1:50000 cases characterized by
enlarged kidneys. The third disease is characterized by cystic
tubules with cysts determining the size of the fetal kidneys.

Normal errors that occur during the Ultrasound diagnosis
of kidneys have been illustrated in [5]. The main sources of
errors are experience of the Ultra-sonographer, poor class of
the scanner etc., Also, during the examination due to small
size of kidneys the clear visualization is impossible due to
obesity, kidney localization and intestinal gas.

The major problem in the detection features faced by the
doctor is Speckle noise introduced in the ultrasound image
due to ultrasound echoes. It is a complex phenomenon and
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degrades the quality of the image. Hence reduction of speckle
noise is very much necessary to detect the fine details of an
image. The reductions of speckle noise with different kinds of
filter for various kinds of images have been described in [6]. It
is observed that the Median filter provides a best result for
ultrasound kidney images. Wan Mahani Hafizah et al., [7]
applied various spatial domain filtering techniques for the en-
hancement of ultrasound kidney images. It has been conclud-
ed that Median filter is best useful for enhancing kidney im-
ages as well as preserving edges.

The performance comparison of different types of filters for
speckle noise removal has been presented in [8] for remote sens-
ing applications. The application of mean filter minimizes the
variance and achieves good results for an optimal additive
Gaussian noise. However, the multiplicative property of speckle
noise needs a filter for non-Gaussian noise. Hence order statistics
filter like median filter and adaptive median filters have been
applied for the removal of speckle noise. It shows that adaptive
median filter works well for speckle noise.

The different methods used for the removal of noise in ultra-
sound images have been given in [9]. The performance parame-
ters such as Signal-to-Noise Ratio (SNR), Root Mean Square
Error (RMSE) and Mean Absolute Error (MAE) are used for
comparison. It is identified that the scalar filters have superior
performance in removing high frequency noise but fails to pre-
serve the edges. Whereas the adaptive filters preserve the details
but requires more computation time.

There are three different noise removing algorithms obtain-
ed by combining mean and median filtering for MRI and
Ultrasound medical images and their performance is presented
for noiseless images in [10]. The method works better with
other methods by retaining the structural details and the func-
tion of smoothing filter is suffered by blurring effect.

Karamjeet Singh et al., [11] proposed a hybrid
denoising approach by combining local and nonlocal
information in Ultrasound images. Initially by using lo-
cal statistics the effect of speckle noise is removed and
speckle reducing bilateral filter is used to reduce the
noise further. Finally, the edges are preserved using post
processing algorithm. It shows that the edge preserving
capability of the hybrid method is superior to other
methods.

The different methods used for medical image segmenta-
tion has been analyzed [12]. The pixel and region-based
thresholding techniques are simple but have fewer applica-
tions. Fuzzy C Means algorithm gives good result for over-
lapping data and sensitive to initial number of clusters. Neural
Network algorithms are feasible for texture-based segmenta-
tion. By integrating one method with other the performance of
the method has been enhanced.
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Mahdi Marsousi et al., [13] developed an automated com-
puter aided kidney diagnosis and segmentation from 3D ultra-
sound kidney images using probabilistic kidney shape model.
This technique needs a prior knowledge about kidney shapes,
and the performance is sensitive to the width of Gaussian
filter.

The segmentation of kidney images from Ultrasound im-
ages by combining texture features and shape prior method
has been proposed in [14]. With the use of Gabor filters and
two-sided convolution strategy the textured objects with in-
complete boundaries can be easily eliminated. This provides a
method with the ability to deal with textured objects with
incomplete boundaries. However, it needs a manual method
for placing initial segmenting curves and smoothing the
speckle noise is also a complex process.

Segmentation of CT kidney images using Fuzzy C-
means with spatial information and Improved Grow Cut
(IGC) has been proposed in [15]. The IGC algorithm
automatically generates the seed labels and uses the
continuity of CT sequences to improve the efficiency.
This method provides a specificity of 99.82% and sen-
sitivity of 95.46% for abdominal CT images.

The segmentation of brain tissues from MRI brain images
developed in [16] using Kernelized Fuzzy &-Means Clustering
(KFCM) and Independent Component Analysis (ICA). The skull
regions were initially removed by applying thresholding and
kernel induced distance in KFCM determines the brain tissues
in a reliable manner. The accuracy of this method is evaluated
using similarity measures.

Accurate liver segmentation from CT images with the
help of adaptive thresholding, Kernel Fuzzy C-Means
(KFCM) clustering for detection of liver tumor has been
explained [17]. Initially 3D Gaussian filter is applied to
eliminate the noises. The adaptive thresholding and ker-
nel fuzzy C-means has been used to separate the liver
tumor. The kernel function used is Gaussian Radial
Basis Function (GRBF) kernel and the results were
compared with FCM. It shows the KFCM has superior
performance with FCM.

Bezdek [18] proposed the Fuzzy C- means (FCM),
algorithm, which is most widely used for image seg-
mentation, feature analysis, clustering and classification,
because of its robust characteristics. The main drawback
of FCM algorithm wrongly classifies the noisy pixels if
the image is heavily affected by noise and it is effective
only if the cluster shape is crisp or spherical. The de-
tailed study and comparison of some Fuzzy K-means
algorithms has been presented with and without noise
components in [19]. The performance can be analyzed
both quantitatively and qualitatively. It has been

concluded that KFCM shows better performance and
the execution time is also less compared to other kernel
based FCM techniques.

Deepa Parasar et al., [20] proposed a segmentation algorithm
for foetus Ultrasound images using K-means clustering algo-
rithm and fuzzy filter. The particle swarm optimization in K-
means clustering partitioning the foetus Ultrasonic images into
multiple segments. However, it needs a better enhancement tech-
nique for preserving the edges.

A semi-automatic segmentation method by utilizing
the Gradient Vector Force (GVF) to determine the
boundaries of fetal kidney image has been proposed
by Arpana M. Kop et al., [21]. The method is applied
for left as well as right side kidneys. To perform clas-
sification on this method also needs texture, edge cur-
vature and shape of the object. A novel Kernelized
Type-2 Fuzzy c- Means (KT2FCM) technique is for
synthetic and Real CT scan and MR images medical
images have been illustrated in [22]. Here the kernel
induced metric in the data space to replaces the
Euclidean norm metric. The results were compared with
FCM and it provides better segmentation.

Shape based kidney segmentation method by consid-
ering the kidney in black and white region and back
ground separately in [23]. Shape prior model is applied
to smooth the boundary of a kidney image. The esti-
mated values were compared with the edge-based level
set model. It needs an alignment model to find the
initial data set due to diversity in patient kidney shapes.
Different algorithms are implemented in various cases
and by comparing all those researches work a conclu-
sion made in the proposed model.

Proposed Work

An efficient method for early detection of congenital abnor-
malities and gestational age by analyzing fetal kidney images
could be done by incorporating a precise preprocessing and
segmentation algorithm. The present work combines the clus-
tering and texture analysis method to effectively segment the
second and third trimester US images. A simple scheme of
proposed research flow is given in Fig. 2.

Feature
Extracted
Image

Image

Acquisition :(>’ Preprocessing ‘:ﬁ Segmentation ‘:{)

Fig. 2 Simple scheme of Segmentation of Images
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(a) 3X3 Mask

(b) 45° Neighbours

(c) 90° Neighbours
Fig. 3 a 3X3 Mask, b 45° Neighbours, ¢ 90° Neighbours

From the Fig. 2, it is seen that the input image acquired from
Ultrasound or Sonography is preprocessed as they may suscep-
tible to noise from the imaging device. Most of the noises asso-
ciated in medical images are multiplicative in nature. A suitable
filter mask may be used to filter out the noise components. It is to
be noted that speckle noise is multiplicative and usage of con-
ventional filters like mean, median filters, and Gaussian filters
may also help to remove the noise but will not aid in preserving
the edges.

Since the Speckle noise contains high frequency components,
a low pass filter is initially needed to remove the high frequency
noise. The fetal kidney images doesn’t have any bright bones it
needs a specific algorithm to preserve the edges. Hence a spe-
cialized filter has to be applied to the input US image which
reduces speckle as well as preserves the edges. In general, a
speckle noise model is represented as

Mean Filter

De-noised
Noisy Input Image

Image

Median Filter

Fig. 4 Illustration of proposed preprocessing using HMM filter
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s(x,y) = 1(x,y)*6(x,y) + 0(x,y) (1)

where s(x, y) denotes the speckle noise.

I(x, y) the input image, ¢ and 0 are multiplicative and addi-
tive components of speckle noise respectively. In the proposed
work, the combined effects of mean and median filters are
used as a hybrid MM filter to remove the speckle noise as well
as to retain the edges.

The 3X3 mask for a sub image, the mean value of 45°
neighbours forms an “X” shape and the 90° neighbours forms
a “+” shape is shown in Fig. 3. The algorithm is given as
follows.

Algorithm:

Step 1: Compute the mean value of the 45° and 90° neigh-

bours and consider as M,

Step 2:  Compute the mean value of the diagonal elements (i
-Lj—D, G- Lj+1),Gj)), G+1,j-1), i+1,j+
1),and consider as Mgj,e

Step 3: Compute the median value of the diagonal

elements i—1,j—1), G—1,j+1), (1i,)), G+ 1,j—
1), (i+1,j+1),and consider as Medgiye
Step 4: Assume the center pixel (i, j) as C
Step 5: Determine the filtered output HMM =
median(Mmasks Mdiag7 Meddiagv C)

The Hybrid MM filtering process is illustrated in a
simple diagram and shown Fig. 4. The computation
time required for median filter is O (N log N), due to
sub mask the computation time is reduced further.

After preprocessing the image is segmented and features
extracted which are used to provide the reconstructed image.
In case of the proposed fetal kidney segmentation, the posi-
tion, size, and length of kidneys are taken as the key attributes
for abnormality detection.

Segmentation in the proposed work is done by exploiting
the clustering features inside a fetal kidney image giving rise
to Fuzzy C - means clustering algorithm. Given an image
under study, the objective function of Fuzzy C means is de-
fined as

Lu(x,y) = X1 Pi—cil® (3)

Fig. 5 Feature space and kernel space in kernel based FCM
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Where m is the fuzzy weighting index, p denotes the partition
matrix and ¢; denotes the cluster center, k denotes the iteration
steps. The basic principle underlying FCM is that it partitions the
input vector set x into fuzzy subsets with p denoting the mem-
bership function. However, FCM is very effective provided that
the input data set is simple and spherical in nature.

The squared error term in (3) aims to minimize the objective
function 7,,(x, ). In order to overcome the drawback of FCM, a
biased FCM is derived by taking data points close to the cen-
troids of similar patterns while discarding data points far away
from the centroid. The far data points are characterized by a low
value of membership function. The Eq. (1) can be remodified as

6 n
Lo (%) = T Eips I—eil* + Elei7k1|‘xk_ci‘|2 (4)

From the equation (4) § denotes the controlling parameter of
the neighbor window function C and the term [, — ¢/l denote the

Fig. 6 Flow process of proposed
Kernel-based FCM (KFCM) for
fetal segmentation

Euclidean distance. In this proposed work, a Kemnel-based FCM
(KFCM) is utilized which replaces the Euclidean distance with

[l

the Gaussian radial function 1—e 2 . Given a set of feature
vector set S={S;, 55,853,854 ... 5,} €R,, the objective function
can be arrived as

Lk (x,y) = £ ¥ipu 19 (x0)-2 ()| (5)

The main advantage of Kernel based clustering is implicit
mapping between the kernel space and feature space and it is
depicted in Fig. 5.

Utilizing the replacement term for Euclidean distance men-
tioned above, (5) can be rewritten as

Lk (x,y) = LY Lipii’ (1=K (e, 1)) (6)

Initialize data set and A
descriptors SE R, )
'
Choose Gaussian Radial
Kernel function
=il
1—e o2

o /

A 4

Compute Kernel matrix and
distance between cluster centroids
using kernel distance

}

Compute target function
using (6)

Output M
function &
terminate
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Further the improved equation for the membership term p;

The update of ¢; is given as
« 1s derived as

3K (v, i)

S Sk TV TR 8
“ Zpi,le(xka ci) ®)
1 A
Py = 1=K (X/nc,-)] ] (7 The pseudo code of the KFCM for the proposed implemen-
o Zﬁﬁ tation is given below along with the flowchart depicted in Fig. 6.
—K (xx,ci

Input: Input Descriptor set S = {S1,53,53,54 ...5p} € Ry,
Output: Extracted stream C; = {Cp, Cpq, v . Cp+q+r.} EP

Procedure

Generate candidate patterns P € PLNP, NP3 N .....N P,
Assign seed = { }
Initialize number of cluster, k.
Apply Cnd_Ptrn = B, N P,
fort =1 torwhere P EP(x, y)
{
Jfor all pixels (i, j) € B,
fori=0to P, — 1
do
for j=i+l to P;
do
update p; . according to (5)
update c; as per (6)
end if
end for
Return Cnd_Ptrn
Compute CoNfreqsure = MaXy; [Py’ — Py’

Repeat the update steps until e(t) = 0.

Group the clusters into C; = {Cp, Cpq) v - Cp+q+r.} EP
/
end if
end
end procedure

@ Springer
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Results and Discussion

The proposed algorithm is tested in MATLAB 17.1 in
the operating system of Windows 7 Intel IS processor
with the fetal dataset of 50 images. The Dataset is ob-
tained from Ultrasound Image (US) Database normal
features and also the images with abnormalities. The
abnormalities are observed by comparing the physical
structure, and time duration for the growth. The
Bilateral renal agenesis is characterized by absence of
kidney, and infantile polycystic kidney disease is viewed
as enlarged kidneys are the two factors considered for
abnormality detection.

Figure 7a shows the noisy input fetal Ultrasound right side
kidney image at third trimester and its de-noised output image
using 3 x 3 Hybrid MM filter is shown in Fig. 7b.The perfor-
mance of the proposed Hybrid MM filter has been quantita-
tively and qualitatively analyzed using the following
measures.

(a) Mean Square Error (MSE):

Assume the denoised image is g with respect to the
original image f'then the MSE.

value is given by

1 MN-1
MSE = —

Signal to Noise Ratio (SNR)

The efficiency of denoising method is normally estimated
using SNR [24] and described as

Fig. 7 a Fetal kidney image, b
De-noised Fetal Image (3 x 3
mask)

(a) Fetal kidney image

1 MN-1 5 \2
o 2 (107-07)
SNR = 10log,, ll;‘jv_l (10)
Y (f(i)-g(i))?
=0

(b) Structural Similarity Index Measure (SSIM):

It is a method used to measure the structural similarity
between two images [25]. Assume the patches of original
and denoised image as x and y.

<2ﬂfﬂg +C 1) (205 + C2)

SSIM (x,y) =
(ufz + pg® + C1> (0724 02+ ()

(11)

yand p, are average gray values and afz and ag2 are vari-
ances. The parameters C, and C, are constants. The edge-
preserving metrics of the proposed HMM filter has been ana-
lyzed with the spatial filters such as Mean, Median, Wiener,
Lee, Frost and Geometric Filter as listed in Table 1. It is ob-
served that Hybrid MM filter has minimum Mean Square
Error (MSE) and low Signal to Noise Ratio (SNR).

Following pre-processing, the KFCM algorithm is applied
to the fetal US image to segment the Region of Interest (ROI).
Figure 8 depicts the complete segmentation process using the
proposed KFCM algorithm.

From the above figure, it is seen that the first image 8(a)
depicts the input fetal kidney image at 36th weeks of gesta-
tion. The ROI detected results has been depicted in 8(b). The
blue curve indicates the ROI extraction using proposed
KFCM while the pink region denotes manual ROI
descriptor-based extraction.

Figure 8c denotes the rough segmented crude image, the
boundary of the method is not well-defined. A texture based
boundary detection operator provides the fine-tuned segment-
ed output. Following this segmented output, the features are
extracted from the segmented and boundary detected output.

(b) De-noised Fetal Image (3x3 mask)

@ Springer
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Table 1 Evaluation of edge-

preserving parameters Filter MSE SNR (dB) Structural Similarity Index Measure (SSIM)
Mean 138.44 28.41 0.804
Median 12422 29.55 0.844
Wiener 108.41 30.14 0.876
Lee 100.78 28.97 0.892
Frost 120.62 27.32 0.886
Geometric 95.55 29.48 0.849
HMM 61.44 34.25 0.921

Fig. 8 a Input Image b ROI
detection ¢ rough segmented
kidney d fine tuned segmented
kidney output

(a) Input Image

(¢) rough segmented kidney

The common features are listed below.

1 .
Mean = WZX(!,]) (12)
1 <X(i,j)—mean
Skewness = M—NZT (13)
Kurtosis — 1 (X(i,j)—mean (14
urtosis = YN > pe
S EP(f ) o
Correlation = ), (%)) PG, )~ (means *meany) (15)

5Dy

Table 2  Extracted feature values from fetal images (Second Trimester)

(b) ROI detection

(d) fine tuned segmented kidney output

. P(i7 ])
homogenity = 3, T+ )

The feature metrics for a healthy fetal kidney condition are
specified as mean of 1.08 - 1.336, skewness value of 2.822 -
7.708, Kurtosis of 11.06 - 71.152, homogeneity values rang-
ing from 0.933 to 0.969, a correlation factor of 0.971 - 0.987
placed at Based on the normal feature metrics defined in
Table 2, the abnormality is detected.

The comprehensive list of features extracted along
with their numerical values is presented in Table 2.
These values have been computed and presented for a
sample specimen of 10 images. The images have been

Image sample/Metric  IMG 001 IMG 075 IMG 084 IMG 094 IMG 102 IMG 143 IMG 168 IMG 179 IMG 188 IMG 200
Mean 1.10 1.14 1.13 1.14 1.06 1.00 1.47 1.28 1.14 121
Kurtosis 11.99 14.55 44.01 51.87 10.88 9.98 74.55 64.54 50.87 58.44
Skewness 2.94 341 5.66 5.47 1.98 1.64 7.41 444 5.14 6.98
Homogeneity 0.94 0.95 0.95 0.94 0.97 0.97 0.92 0.94 0.94 0.94
Correlation 097 0.98 0.97 0.98 0.95 0.95 0.99 0.97 097 0.97
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Fig. 9 a 28th week of gestation
(540 x 480), b 36th week of
gestation (540 x 480)

(a) 28" week of gestation (540x480) (b) 36 week of gestation (540x480)

labeled from 001 to 200 and a set of two images have
been depicted in Fig. 9. It is observed that based on the
reference measurement values the abnormalities detected
in IMG-102, IMG-143 and IMG-168.Further measuring
the length and volume of the fetal kidney detects the
specific abnormality.

Accuracy assessment is mainly needed to classify the out-
puts and to compare with different algorithms. The perfor-
mance is mainly compared with the weight constant 2 and
the weight assigned to each kernel A. Entropy is the parameter
mainly used to access the quality of based on output and it is
less sensitive to parameter variations. The Entropy value can
be calculated from the equation [26].

C
Entropy(E) = % 3 u,-,-log(uij) (16)

=

J

—_

where.

N is the number of pixels in the image
C  is the number of classes
;7 is the membership value

Figure 10a shows the entropy values for different weight
constant at 28th week of gestation and Fig. 10b shows the
entropy values for different weight constant at 36th week of
gestation. It is observed that the weight constant ranging from
the value 4 to 8 produces a constant output. Hence it is pref-
erable to choose the weight constant as 4 to 8§ for fetal kidney
images.

It could be seen from Table 3 that the proposed KFCM is
able to compute the maximum number of optimal cluster
numbers which accounts for the increased accuracy reported
and depicted in Fig. 11. It is observed that the KFCM tech-
nique provides a maximum accuracy at third trimesters.

The accuracy comparison with different kernel types kernel
in some second and third trimester of gestation has been given
in the Table 4. It is observed the compared to other kernel

Gaussian Radial Function kernel gives high accuracy at dif-
ferent weeks of gestation.

2.5

Entropy(E)
&

05 s . . . . . .
0 1 2 3 4 5 6 7 8
Weight Constant(m)
(a) At 28" week of gestation
3.5 T T
3 |- 4
25 b

Entropy(E)
N

05 . I . . . . I
0 1 2 3 4 5 6 7 8

Weight Constant(m)

(b) At 36™ week of gestation

Fig. 10 Entropy with respect to weight constant at 28th and 36th week of
gestation
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Table 3 Computation of best

cluster—comparative analysis Sample Image FCM PFCM KFCM Type-2 Fuzzy C-Means Intuitionistic Fuzzy
(T2FCM) C-Means (IFCM)
20th week of gestation 0.77 0.71 0.76 0.73 0.75
26th week of gestation 0.74 0.80 0.80 0.72 0.78
28th week of gestation 0.74 0.82 0.82 0.81 0.78
32th week of gestation 0.84 0.84 0.81 0.78 0.82
34th week of gestation 0.74 0.86 0.86 0.76 0.80
Fig. 11 Performance comparison
of segmentation accuracy S0
80
70
60
50
40
30
20
10
0
FCM PCM KFCM T2FCM IFCM
Clsutering Techniques
The similarity between a threshold binary image (B) and S\BivGi
Ground truth image (G) obtained from Jaccard Index and it is  Dicecoefficent = % (18)
Bi| + |Gi

given by [27].

BiNGi
_|BiNGi| (17)

JaccardIndex = IBiGH]

Dice coefficient The Dice coefficient [28] between the thresh-
old binary image (B) and Ground truth image (G) is given as

Table 4 Performance comparison of segmentation with different
kernels

Kernel used 28th week of  34th week of  36th week
gestation gestation gestation
Euclidean Norm 72.3 75.8 78
Polynomial 65.2 69 72.3
Sigmoid 70.5 72.3 78
Gaussian Radial Function  80.2 82.9 85.6
(Proposed Method)

@ Springer

It measures the similarity between two images and gives
the overall segmentation quality.

The Dice coefficient and Jaccard Index value at different
weeks of gestation has been present in the Table 5.

It is observed that the predicted and truth image has high
similarity values at the third trimester compared to the second
trimester.

Table 5  Similarity Analysis at different weeks of gestation

Gestation in weeks Dice coefficient Jaccard Index

20th week 0.49 0.41
26th week 0.49 0.42
28th week 0.50 0.48
32th week 0.53 0.51
34th week 0.53 0.56
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Conclusion

The proposed work has been investigated with 50 ultra-
sound fetal images with the problem formulation to seg-
ment and detect congenital disorders by analyzing kid-
ney images as well to predict the gestation period. The
Hybrid MM filter have high SNR and low MSE com-
pared with other methods. The segmentation has been
done using a derivative of the well known fuzzy C
means clustering by replacing the Euclidean distance
with a Gaussian Radial kernel function which helps to
better approximate complex and non-spherical models.
The performance analysis of the proposed method has
been compared with different FCM models. It is found
to exhibit superior performance over the other two in
terms of computation time and precision expressed as
accuracy. The experimentation has been done for two
cases namely second and third trimesters with the ob-
served values. It is compared against standard coeffi-
cient metrics to determine abnormality. The similarity
measures also been predicted with Jaccard Coefficient,
it shows that a better noise detection technique is need-
ed further improvement in the accuracy of the system.
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