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Abstract: This study presents a localized region based lankton algorithm with decision median filter for the
segmentation of abdominal organs and tumors in CT images. Active contour algorithms based on discrete
representation of implicit functions are widely used in medical image segmentation. The decision median filter
can filter the gaussian noise and impulse noise efficiently than conventional spatial domain filters with better
edge preservation. A comparative analysis of various active contour models is done and the decision median
filter based lankton segmentation algorithm gives best result. The performance of the proposed segmentation
algorithm was evaluated in terms of metrics like dice coefficient and hausdorff distance. The proposed algorithm
effectively segments the abdominal organs and tumors in computer tomography images with well-defined

boundaries.

Key words: Image segmentation, curve evolution, filtering, level set methods, region

INTRODUCTION

Image segmentation is the process of grouping the
pixels mn an image into a set of disjomnt regions with
uniform and homogeneous attributes such as mtensity,
color, tone or texture etc. The medical image segmentation
algorithms plays a vital role in diagnosis and radiation
therapy since they are used to localize the tumor region
and other anomalies; measure tissue volumes and
analysis of anatomical structures. In many cases the
segmentation algorithms result are prone to error because
of noisy mmages. The noise in CT unages are generally
modelled as gaussian noise, however in many cases the
noise deviates from gaussian distribution and it can be
defined as graininess, speckle or impulse noise
(Shinde et al., 2012; Prasad and Ganesan, 2013) Median
filter and Gaussian filter are widely used spatial domain
filter in the noise removal of CT images (Kalra et al., 2003;
Denis et al., 2012; Lin et al., 2006, Wang and Zhang,
1999). The Active contour models are broadly classified
n to two types: Parametric models and geometric models
(Shih and Zhang, 2004, 2007). The snake is a parametric
active contour model in which the initial contour points
should be placed closer to the true boundary (Shih and
Zhang, 2004, 2007). The curve evolution in parametric
active contour has discrepancies when it encounters in to

boundary concavities and complex topological structures
(Shih and Zhang, 2004, 2007). Many research works had
undergone to overcome the issues in traditional snake
parametric models. Level set 1s a geometric active contour
technique in which a discrete set of control ponts are
used to initialize a curve which will evolve to enclose the
desired region of interest (Tsai and Osher, 2003). The
region based active contour model 1s msensitive to noise
and independent of mitial contour position (Chan and
Vese, 2001; Lankton and Tarmenbaum, 2008). The issues
in global region based models like failing to detect the
objects of low contrast and non-uniform illumination are
overcome by local region based active contour models
(Chan and Vese, 2001 ; Lankton and Tannenbaum, 2008).
The modification of energy function in level set
algorithms were made for the segmentation and bias field
estimation m MR 1images with mtensity
homogeneity (Li et al., 2011; Cui et al., 2013; Qian et al.,
2013). The region based level set algorithm based on
global and local information was developed for the
segmentation of 1mages with low contrast and
intensity inhomogeneity (Zhao et al, 2012, Liu et al.,
2014; Barman et al, 2011; Tamimi and Sulong,
2014).

A comparative analysis of various level set methods
was done to detect the boundary of cell in medical images
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(Gurari et al, 2015). The caselles active contour model
uses gradient of the image to determine the energy
function and the curve 1s evolved mto the regions of high
gradient (Caselles et al., 1997). The Chan and Vese model
is a region based model in which the image is subdivided
into two homogeneous regions based on the energy
constraints and the curve evolution 1s based on the
narrow band of level set (Chan and Vese, 2001). The Shi
algorithm is very fast method and the curve evolution
takes place in narrow band (Shi and Karl, 2008). Tn Bernard
algorithm the energy function mimimization 1s done with
respect to B-spline coefficients (Bernard ef af., 2008). The
Lankton and li algorithm evolve the initial contour based
on the local neighbourhood statistics and can segment
the image in to two homogeneous regions (Lankton ef af.,
2008; L1 et al., 2008).

MATERIALS AND METHODS

Acquisition protocol: The CT images have been acquired
on optima CT machine. Both plain andcontrast enhanced
CT images are taken with 0.6 mm slice thickness. The
patient consent was obtained for publishing the images.
The abdommal CT images of 5 data sets wereused which
comprises of three data sets of malignant renal cell tumour
(Renal cell carcinomay) and two data sets of malignantliver
tumour (Hepatic cellular carcinoma). The pre-processing
along with segmentation algorithmswas applied on all the
5 data set and the result of typical slices are depicted in
the results and discussion. The ethics committee for
biomedical activities of mar ephraem international center
for medical mmage processing and metro scans and
laboratory, Thiruvananthapuram approved the study of
CT mmages of human subjects for research work.

Preprocessing: The median filter 1s a conventional spatial
domain nonlinear filter that replaces each pixel by the
median of the gray levels in the neighbourhood of that
pixel and 1t 13 mdependent of the characteristics of the
mmage and it 13 efficient for low noise mtensity. The
median filter alters the non-noisy pixel gray level values
unnecessarily and in the case of gaussian filter, the edge
preservation 1s poor (Kalra ef al, 2003). The adaptive
median filter outperforms the median filter by taking in to
account of the statistical characteristics of the image
(Lin et al., 2006, Wang and Zhang, 1999). The size of the
kemel mn adaptive median filter changes with respect to
the noisy pixels and non-noisy pixels, however the
adaptive median filter produces blurring effect in the
case of images with high noise intensity (Lin et af., 2006;
Wang and Zhang, 1999). The choice of filter depends
upen the medical image modality and the nature of noise

(Lin et al., 2006, Wang and Zhang, 1999). The Progressive
Switching Median Filter (PSMF) does not alter the
non-noisy pixels unless like conventional median filter
(Wang and Zhang, 1999). The decision median filter
operation comprises of two stages Noise detection, Noise
filtering and it is free from the crucial parameter selection
unlike PSMF (Wang and Zhang, 1999). The steps n
decision based median filter can be summarized as
follows:

Step 1: Choose a 2D window of size 3%3 and Pibe the processing pixel
Step 2: Determine the minimum (P,;) and maximum (P,.) gray value of
pixels in the processing window

If Py < Py < Py the pixel gray value (Py) is left unchanged,
else move to the next step
Step 3: IfP; =P, P =P, or, then the following condition is
evaluated

When the neighbourhood pixel gray values in the mask are
same as Py then it is a non-noisy pixel and is left unchanged, otherwise
mowve to the next step
Step 4: When P; is a corrupted pixel, there are two possible cases

Case i: Replace Py with the mean of the elements in the window,

if the neighbourhood Pixels gray value are P, and P,..

Case ii: Replace P; with the median value, when all the
neighbourhood pixels gray value are not P,; and P,,.. The median is
determined from the elements in the window while discarding the pixels
with gray value P, and Py,

Step 5: Repeat steps 14 until all the pixels in the image are processed.

Localized region active contour model: Shawn Lankton et
al developed an active contour model taking into account
of the local statistics for the segmentation of neural fibre
bundles in Diffusion Weighted Magnetic Resonance
Images (DW-MRT) (Lankton et al., (2008). Lankton active
contour algorithm is a region based technique in which
the contour evolution is determined by neighbourhood
pixel statistical features Lankton et al. (2008). The lanlkton
algorithm is based on the assumption that pixel features
inside the initially drawn contour will have homogeneous
characteristics when compared to the pixels outside the
contour. When the pixel characteristics are heterogeneous
mside the contour, region based active
algorithms will not be able to efficiently segment the
desired object. The ball function in terms of the global
radius p’ is used to model the local statistics features:

gl X o) bxoy<e o)
y 0; otherwise

The radius “p’ is set to small while comparing to the
structure to be segmented and P (%, y) is used to mask
local regions. The ball function value is °1” when the point

contour

y 18 within a ball of radius “p’ centered at x and O
otherwise. The ball function is used in conjunction with
the heavy side smoothing function , (x) to select interior
and exterior region:
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l;lpf(x) <—e
O;w(x) <e @

1 {1 + A + 1Sin(wj};otherwise
2 g g

Y (x)=140

Let 1y (y) denotes the interior region of the evolving
contour and Jx’ (y) corresponds to the exterior region of
the evolving contour:

v (¥) =1-w,(y) 3)

The local mterior and local exterior at pomt x can be
expressed in terms of P (x,y)and Y, (y):

i) =B(x.¥) < wy(¥) @)

1(e) =B(x,y)x(1-wy(y)) (%)
Where:

1(i) = Local interior at point x and
l(e) = The local exterior at point x

The energy criterion interms of the signed distance
function ¢ is as follows:

E(9) :de(X)XJB(&Y)FF(Y):W(Y))]

(6)
dyds . [ dys(x) Py (x)dx

where, first term 1s data attached term and & is the dirac
function, second term 1s the usual regularise term that
smooth the contour. Chan and features yezzi features:

W (V(E() v () + (1= wa(y))

(
Flf(y)wiy]=1
(F(y) —u(x)) v (x) —u(x)y
(7
Where:
H = The heavy side function
u(x) and v(x) = Anterior and exterior mean updated at

each iterations as follow

Bleyva (1 (y)dy

- (8)
[B(x.y)w(y)dy

ufx)

= -[B(X’y)(l_‘pﬁ (ypf(y)dy
[By)a -, (y)ay

v(x) &)

The energy function minimization is done by calculus
of vanation and 1t 1s governed by gradient descent
curvature flow computation.

The curve evolution is as follows:

du;(tx) =d{w(x))[B(x.y) (10)

VyF(f(y),w(y))dy+ 28(w(x))

Where:
dw(y)(F(v)=v(x)) -
(£(y)-u(x))’

VyE(E (y)w(y)) - (Fx) V() | an

The local interior and local exterior area 18 modelled
by A and A,

8, = [Bex, )1~y (y)dy 12

8, = [Becy) w, (y)dy (13)

where, the X 1s the curvature term and it mfluence the
regularization term of evolving contour. The size of the
neighbourhood 1s fixed by the radius term p.The
lanktoncurve evolution algorithm is able to segment the
abdominal organs and anomalies with good edge
preservation.

RESULTS AND DISCUSSION

The segmentation was done by various active
approachesand study  of
performance of active contour algorithms was also
done (Barman et al, 2011). Prior to segmentation, the
pre-processing was done by decision median filter for

contour comparative

filtering the noise. A comparative analysis of six active
contour models was done by creaseg software to evaluate
the segmentation result (Dietenbeck et al, 2010). The
level set algorithms are classified based on the data
attachment type and the curve evolution nature. The data
attachment type determines the
phenomena and it may be contour information (based on
gradient function) or region information (based on
statistical features). Chan and Vese, Bermard and Shi
algorithm are region based active contour model and
Caselles 1s a contour based active contour model. Lankton
and Li algorithm are localized region based active contour

curve evolution
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(2 (h)

Fig. 1: a) Input slice (case 1(s1)); b) preprocessed image; ¢) Caselles output, d) Chan and vese output; e) Chimming i
output; ) Bernard output; g) Shi output; f) Lanktonoutput

model. The curve evolution m bernard and 11 algorithm
takes place in whole domain while in the case of remaining
active contour models the curve evolution takes place in
narrow band.

The Dice Coefficient (DC) 1s a measure to indicate the
percentage of spatial overlap between the segmented
mmage and ground truth mage. The dice coefficient is
given by Eq. 14

. 2SN G
SN GSU )

(14)

where, S and G is the segmented image and ground
truth image. Hausdorff distance is a good measure to
analyse the performance of segmentation algorithm. The
symmetric hausdorff distance 1s given by Eq. 15:

d, =max(d(8,G),d(G,8)) (15)

where, d (3, G) = max y ymin,; |s-g| and d (G, 8) = max
min g5 [s-g|. The function d (S, G) is the directed
hausdorff distance from S to G . The hausdorff distance d,
(8, G) 18 the maximum of d (S, G) and d (G, 5).The ground
truth image 1s obtained by manual delineation by the
radiologist who carefully trace the boundaries of
abdominal organs and abnormalities. The mput slices of
data set 1 with different cross section of liver are taken in
to account for the analysis
segmentation algorithms.

The mput umage 13 pre-processed by decision based
median filter. Figure 1 depicts the liver segmentation result
of wvarious active contour approaches of datasetl

of active contour

corresponding to a typical mput slice depicting the liver
at the level of fissure for ligamentum venosum. For the
curve evolution m lankton algorithm was used with
and equal to 9. The qualitative inspection by expert
radiclogist shows that the lankton algorithm gives best
result and it is validated by performance metrics.

The dice coeficient value 1s 1 for perfect segmentation
and the segmentation algorithm result 1s acceptable 1f DC
> 0.9 . The hausdorff distance should be minmimum and for
perfect segmentation, the value is zero. The
contour model result 1s acceptable if HD>15 as per the
Creaseg software. The active contour algorithms are also
analyzed on various input slices of dataset 1 and the
lankton liver segmentation output of typical input slices
are shown in Fig. 2a-d. The dice coefficient and hausdorff
distance of various active contour approaches are
shown in Table 1. The terms S1-S5 represents the
typical slices of data set 1. The Caselles and lankton
algorithm produces better results since DC>0.9 and
HD<15, however lankton algorithm outperforms the
remaining active contour approaches.

The liver tumor segmentation of selective input slices
corresponding to dataset 2 (S6) and data set 3(S7) for
lankton algorithm are depicited below i Fig 3e, f. The
terms S6 and 7 represents the typical slice of data set
2 and 3 and similarly S8 and S9 represents the typical slice
of data set 4 and 5.

The lankton segmentation algorithm isanalysed on
different slices of malignant renal tumor dataset 4(58) and
dataset 5 (59) and the result of typical slices are depicted
in Fig. 3g, h.The dice coefficient and hausdorff distance
of active contour approaches of slices comresponding to
malignant liver tumor (36 and 7) and malignant renal tumor

active
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(e) ® (@ (h)

Fig. 2: a) Liver near the level of diaphragm (32) ;b) liver at the level of fissure for ligamentum trees (33); ¢) Liver at the
level of gall bladder fossa (S4), d) Inferior pole of liver (55); e-h) Lankton algorithm result of (a-d)

(e) ® (2 (h)

Fig. 3: a-d) Pre-processed input images; e-h) Lanktonalgorithm results of (a-d)

Table 1: Technical and pathological information of different data sets

D X/ /z (mm) (wh)xslices Pathological information

1 0.6 512x128 Renal cell carcinoma , exophytic isodense soft tissue density lesion in the lower pole of right kidney

2 0.6 512x128 Metastasis large hypo dense mass lesion in right lobe and caudate lobe

3 0.6 512x128 Metastasis, large hypo dense mass lesion in right lobe and small hypo dense lesions in left lobe

4 0.6 512x128 Renal cell carcinoma, isodense mass lesion with lobulated marging in the lower interpolar region of right kidney
5 0.6 512x128 Renal cell carcinoma, isodense mass lesion with lobulated margins noted in the lower interpolar region of left kKidney

Table 2: Dice coetficient and hausdorff distance of active contour approaches for liver segmentation

Dice Coefficient (DC) Hausdorff distance (HD)

Active contour algorithms 81 52 53 54 55 51 52 53 54 h]

Caselles 0.95 0.95 0.96 0.96 0.93 11.24 10.05 9.220 10.08 10.02
Chan and vese 0.88 0.87 0.91 0.88 0.81 lo.46 17.32 16.14 18.14 16.14
Chimming Li 046 0.31 0.29 0.26 0.24 28.56 3046 31.24 34.65 33.62
Bernard 0.53 0.52 0.48 0.40 0.50 22.56 24.68 2543 28.76 26.72
Shi 0.60 0.70 0.63 0.57 0.53 18.23 1945 18.68 2145 2232
Lankton 0.97 0.96 0.97 0.97 0.94 8.240 7.030 7.810 8.220 7.320
(S8 and 9) are depicted in Table 2. In the case Apart from the quantitative analysis of segmentation
of tumor segmentation also the lankton algorithm — results by performance metrics, the qualitative analysis
outperforms the remaining active contour was also done by the radiologist and the confirmation of
approaches. the results was obtained Thelankton localized region
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Table 3: Dice coefficient and hausdorft distance of active contour approaches for liver tumor and kidney tumor segmentation

Dice Coefficient (DC)

Hausdorff Distance (HD)

Active contour algorithms 56 57 58 39 36 57 38 33

Caselles 0.94 0.93 0.89 0.88 12.08 14.06 5.020 4.120
Chan and Vese 0.74 0.77 0.86 0.86 18.67 20.23 5.100 5.240
Chirmming i 0.20 0.21 0.25 0.24 33.67 50.65 20.26 19.24
Bernard 0.40 0.43 0.41 0.39 26.56 36.45 14.46 16.56
Shi 0.50 0.52 0.39 0.40 24.46 3245 8.560 10.24
Lankton 0.95 0.95 0930 0.91 9.490 10.56 4.020 3.610

based active contour model can thus segment accurately
the anatomical organs of complex shape with better edge
preservation.

CONCLUSION

In this study decision median filter based lankton
segmentation algorithm 1s proposed for the segmentation
of abdominal organs and tumor on abdomen CT images.
The performance of the algorithm was quantitatively
evaluated by appropriate metrics and qualitative
evaluation was also done by the experts. A comparative
analysis of various active contour models comprising of
contour based, region based and localized region based
15 done n this study. Thelankton algorithm gives best
results for the segmentation of abdominal organs and
tumor on CT 1mages in terms of the performance metrics.
The future work will be to mcorporate the fuzzy clustering
along with the lankton level set approach for a refined
result.
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