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Abstract : Pixel values of contrast enhanced computed tomography (CE-CT) images are randomly changed. Also, the middle liver part has a
problem to segregate the liver structure because of similar gray-level values of a pancreas in the abdomen. In this paper, an automatic liver
segmentation method using a partial histogram threshold (PHT) algorithm is proposed for overcoming randomness of CE-CT images and
removing the pancreas. After histogram transformation, adaptive multi-modal threshold is used to find the range of gray-level values of the
liver structure. Also, the PHT algorithm is performed for removing the pancreas. Then, morphological filtering is processed for removing of
unnecessary objects and smoothing of the boundary. Four CE-CT slices of eight patients were selected to evaluate the proposed method. As
the average of normalized average area of the automatic segmented method II (ASM II) using the PHT and manual segmented method (MSM)
are 0.1671 and 0.1711, thesre two method shows very small differences. Also, the average area error rate between the ASM II and MSM is
6.8339 %. From the results of experiments, the proposed method has similar performance as the MSM by medical Doctor.
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INTRODUCTION
from cancer [1]. In Korea, the incidence of a liver cancer
Liver cancer is included in fifth main cancers such is quite high at 19% for male and 7% for female [2].
as lung, breast, colorectal and stomach in the world. It New cases of liver cancer in the Seoul area have an

is more serious in eastern and southeastern Asia areas
including western and central Africa [1]. The average
incidence of liver cancer in this area is 20 per 100,000
and liver cancer is the third highest cause of death

approximate rate per year as 34.1 for male and 115 for
female per 100,000 people [2]. Prevention is by far the
best way to reduce liver cancer as with other cancers.
Besides prevention, the early detection and treatment of
A4 a7, (B0LT) BEBEA BT % 15 8 liver cancer is critical. If th'e liver is analyzed for early

AugetmEel o) E st detection, treatment and curing may be easy and human
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In order to segregate hepatic tumors, the first significant
process is to extract the liver structure from other
abdominal organs. Liver segmentation using CT images has
been dynamically performed because CI is a very
conventional and non-invasive technique. Sungkee Lee [3]
extracted the liver using Co-occurrence matrix from CT as
the automatic method. Bae et al [4] used priori information
about liver morphology and image processing techniques
such as gray-level thresholding, Gaussian smoothing,
mathematical morphology techniques, and B-splines. Gao et
al [5] developed automatic liver segmentatioﬁ using a
global histogram, morphologic operations, and the
parametrically deformable contour model. Tsai [6] proposed
an alternative segmentation method using an artificial
neural network to classify each pixel into three categories.
Also, Husain et al [7] used neural networks for feature
based recognition of liver region.

Generally, in order to improve diagnosis efficiency of
the liver, the CT image is obtained by contrast media. Pixel
values of contrast enhanced CT (CE-CT) images acquired
from the dose of contrast agent are randomly changed.
Also, the middle liver part has a problem to segregate the
liver structure because of similar gray-level values of a
pancreas in the abdomen. In this paper, an automatic liver
segmentation method using a partial histogram threshold
(PHT) algorithm is proposed for overcoming pixel variation
of CE-CT images and removing the pancreas which is
contact with liver. In the following section, liver
segmentation is performed regardless of randomness of
CE-CT images. Also, we demonstrate experiments and their
analysis results. Finally, the conclusion will be given in the
last section.

LIVER SEGMENTATION

In this section, liver segmentation is presented.
Histogram transform (HT) such as convolution and
scaling is described to reduce histogram noise. The
adaptive multi-modal thresholding (AMT) method is
performed to find the range of gray-level values of the
liver structure. Also, the partial histogram thresholding
algorithm is proposed to remove the pancreas. Then,
binary morphological (BM) filtering is processed for
removing of small unnecessary objects and smoothing
of the boundary. Liver segmentation is described as the
block diagram of Fig. 1.
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Fig. 1. The overall block diagram of the proposed liver
segmentation algorithms.

1. Histogram Transform

In spite of the disadvantage of the pixel variation
caused by the contrast enhancement, the CE-CT image
gives an advantage of pixel enhancement. Pixel
enhancement using a contrast medium comes from
increasing the attenuation value of tissue difference
between liver and other organs. Pixel variation provides
a  multi-modal  histogram and  creates  easier
segmentation of the histogram.

The histogram in pixel-based segmentation can be
used simply to provide statistical informationi like mean,
median, standard deviation, and energy. The histogram
is a one-dimensional statistical transformation obtained
by counting total pixel numbers for each gray level. Let
I1:Z%—Z be a gray-level CE-CT image and (4 5) be
a pixel location. Then, [(my, n)Z2—Z e Z Also, the
histogram, j(k): Z -7 is defined as [8]

W(R) ={(m, m) | 1(m, n) = k} )

where £ is a gray-level value.

The histogram has small noise to hinder multi-modal
thresholding. To reduce small noise, histogram
transform such as convolution and scaling is proposed.
A convolution method as one dimensional low pass
filtering is used to smooth the histogram, even though
the histogram’s horizontal axis is extended and a
vertical axis is very increased [9]. Then, the extended
horizontal axis is scaled to gray-level values by a factor
B A convolved histogram, j’: 7 7 is defined as

b =hxg ()
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where g is a one dimensional function. A scaled

histogram, h,:Z—Z is defined as

14
hs— Bh (3)

where gis a scaling factor.

2. Adaptive Multi-Modal (AMT) Thresholding

For solving given pixel variation of a CE-CT image,
an AMT method is wused. The AMT method is
processed regardless of histogram variation derived
from the contrast enhancement. First of all, after
removing the Dbackground, bones and extremely
enhanced organs such as vessels, we find a global peak
in the multi-modal histogram. The left and right valleys
are calculated using a piecewise linear interpolation
(PLI) method. The PLI method [10] calculates the slope,

fi:Z—7 as the line segment from (k k, (B) to
(k+7, h,(k+7) and its formula is given as

_h(kty) —h (k)

Fe =" v —k @
where 5 is an integer.

Each valley may be founded at the turning point
from a negative value to a positive value because each
point represents the slope. Left and right valleys
become one range of an object. Then, the extracted

range is removed from % and this process is repeated
until several ranges are found. The important range in
this research is the range including gray-level values of
the liver. The liver range is located experimentally in
the right side of the histogram because of pixel
enhancement of CE-CT images. Let [k, &,] be the
extracted lower and upper thresholding integer values
containing pixels of the gray-level liver region. Then

each I, :Z2—Z?% is defined as
I per={(m, ) | B\ <I(m, m) <k} 5)

Fig. 2 shows the example of the AMT method. Fig.
2(a) is a gray-level CT image obtained from a CE-CT
image and Fig. 2(b) is a histogram, jp(f) ., with
multi-modal distribution based on gray-level values.
Transformed histogram using convolution and scaling
is displayed in Fig. 2(c). Fig. 2(d) is gray-level images
after the AMT method. Fig. 2(e) is the image after
unnecessary small objects are removed.

3. Partial Histogram Thresholding (PHT) Algorithm

If the liver has similar point values with other
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organs, [, created from AMT may not be segregated
successfully. As the histogram of [, is uni-modal shape,
it is too hard to use various thresholding methods. In
order to get away from difficult segmentation, a PHT
algorithm which performs better liver segmentation is
proposed. This algorithm transforms a given partial
gray-level range to a broad range with keeping the order
of gray-levels.

Let 7 4 (ky, ko) Z—Z be the histogram of [,
with the range, [k, k£;]. Let Ip be the PHT image.
Then the PHT algorithm is proposed:

e Find £k, where %, is the gray-level value

when 7 ., (k) is the maximum value.
e Calculate partial histogram interval
kd:(k max kd)/d

where 4 is the integer value greater than 0.

(d) (e)
Fig. 2. AMT(AdaptiveMulti-modal Thresholding): f(a} gray-level
CE-CT image, (b} histogram, J{ k), (c) transformed histogram,
hy () I, after AMT, and (e) [, after small objects are
removed.

® Find the partial threshold value & ,= (& — k).
@ Create the PHT image Ip
Io={(m )| k<l . (m,n)<k,}.
After obtaining Ipby the PHT algorithm, [ ;- is
calculated from [, —1I, .
Fig. 3 (a) shows the histogram of [, (b) is the
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PHT image, Ip and (c) shows [z which represents

image difference between [, and Ip.

(a) (b) {©)
Fig. 3. Partial histogram thresholding (PHT): {(a) the

histogram of [ 4, (b} PHT image Ip, (¢) [ 4 .

4. Binary Morphological (BM) Filtering

BM filtering is processed to remove unnecessary
small objects and to smooth the liver boundary. The
gray-level image, [, is transformed to the binary
image, B is defined as

:{ Vit by <T yu(mm) <k,
o if otherwise (6)

where % and A are the gray-level range of [ 4 .
BM filtering comes from the combination of biological
structure and mathematical set theories [11]. BM
filtering is to combine B, with a structure element,
SE through various morphological operations. As the
SE is the spatial mask, the 8-connected SF is used in
this research. Let SE,CZ? SE, be a 2 by 2 matrix

whose elements are 1 and SE3CZ? be a 3 by 3 matrix
whose elements are 1.

Basically used BM filtering is dilation and erosion [9,
12]. Let pDi(B):Z2—Z2? be iterative dilation (ID) to
extend a region. Let F{(PB):Z%— Z? be iterative erosion
(IE) to reduce a region. ID and IE are defined as

DB ={-((B®SE)® SE)-) ® SE} @)
E (B ={-((BOSE)OSE)"") ©SE) (8

where PR is a binary input image and ; is a
iteration  number.  Let, DYUB =D EYB=E

Di(B=D'and Ei{B=FE' Let F(B):Z?-7? be the
4-connected filling filter.

In order to smooth the boundary, opening and
closing filters are used. Let QP /(B):Z?—>Z? be the
iterative opening (IO) filter to smooth thin protrusions.
Let CLB):Z?—Z? be the iterative closing (IC) filter
to smooth short gaps. ID and IC are defined as

o2 &g A . A5, A3E, 2004

UE
OP (B)={-+((B - SE) - SE)-+) - SE} ©9)
CL{(B)={+((B+SE) « SE)) + SE} (10)

where B is a binary input image and ; is a
iteration number. Let OPY{B =0P CLY(B=CL

OPI(B =0P', and CLYB=CL' -

Combination of each filtering has the specific order
because the combination order has an influence on the
reduction and expansion of the region. Let
CO(B): Z?~Z?% be ordered combination function of
BM filtering. Used (COQ(B) in this research is
{E F,D,CL® OPY} with S and SE; . Then the
binary image obtained by BM filtering is transformed to

the gray-level. Let [, C Z?

Assuming that B and [ have same size,
obtained by  pixel by  pixel

1 o ={(m, m) | B(m, ) @I (m, n)}.

be a gray-level image.
I Bver is
multiplication,

Fig. 4. BM filtering: (a) binary image, B, (b)B after removing
unnecessary objects, (¢} filing (d)erosion , (e} dilation, (f)

boundary smoothing, (g) gray-level fiver, I,
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Fig. 4 shows the example of BM filtering. The binary
image, B is shown in Fig. 4(a). The image after
removing unnecessary objects is shown in Fig. 4(b). Fig.
4 (c), (d), and (e) show images processed by erosion,
filling, and dilation. Also, the liver boundary is
smoothed by opening and closing filters shown as Fig.

4 (f). Finally, 7, is created as shown in Fig. 4(g).

EXPERIMENTS AND ANALYSIS

CT images to be used in this research were
provided by Chonnam National University Hospital in
Kwangju, Korea. The CT scans were obtained by using
a LightSpeed Qx/i, which was produced by GE
Medical Systems. Scanning was performed with
intravenous contrast enhancement. Also, the scanning
parameters used a tube current of 230 mAs and 120
kVp, a 30 cm field of view, 5 mm collimation and a
table speed of 15 mm/sec (pitch factor, 1:3).

Eight patients were selected for testing the new
proposed method to segregate a liver structure. CT
images of each patient consisted of 4 slices which were
hard to segregate. Also, one radiologist took a part in
this research in order to segregate the liver structure by
the manual method. '

In order to evaluate performance of the proposed
algorithm, three different methods were compared such
as adaptive multi-modal thresholding with binary
morphological filtering (AMT 4+ BM), adaptive
multi-modal  thresholding,  partial  histogram
thresholding with binary morphological filtering
(AMT + PHT 4 BM) and manual method. The AMT 4
BM method which was processed by adaptive
multi-modal thresholding and binary morphological
filtering was called to the automatic segmented method
I (ASM 1). As the newly proposed method, the AMT 4
PHT + BM method processed by AMT, PHT, and BM
was called to the automatic segmented method II (ASM
II). Also, the manual segmented method (MSM) drawn
by a radiologist was used for a criterion.

Table 1 shows the normalized average area (NAA)
segmented by each method. That is, segmented liver
area of each patients were averaged and normalized by
the image size. From the results of this comparison, we
may know the ASM 1I including the PHT algorithm
has almost same area as the MSM than the ASM L
Also, as the average NAA of ASM LII, and MSM is
0.2069, 01671, and 0.1711 respectively. The NAA
difference between ASM II and MSM is very small but
ASM 1 is relatively larger than MSM.

g
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Table 1. Comparison of normalized average area of ASM |,
ASM I, and MSM.

Patient 1 0.2125 0.1580 0.1523
Patient 2 0.2285 0.1773 0.1791
Patient 3 0.1893 0.1453 0.1484
Patient 4 0.2457 0.1922 0.2020
Patient 5 0.1344 0.1216 0.1304
Patient 6 0.2836 0.2090 0.2122
Patient 7 0.2066 0.1856 0.1897
Patient 8 0.1545 0.1482 0.1547

As another comparison method, average error rate
(AER) is used. The average AER is defined as

e assl 500,

Average a 15p (1)

where a,q, is the average area of manual segmented

rate (MSR) and au is the average area of automatic
segmented rate (ASR). The comparison of average AER
per each patient based on the MSM between the ASM 1
and ASM IL The former is 4~40% and the latter is 5~
10%. Also, in case of the average of all patients, the former
is 24.6238 % and the latter is 6.8339 %.

CONCLUSION

In this paper, we proposed an automatic liver
segmentation method using a partial histogram
threshold (PHT) algorithm. Histogram transformation
such as convolution and scaling was used. Next,
adaptive multimodal thresholding (AMT) was performed
to find the range of gray-level values of the liver
region. We used proposed PHT algorithm. to overcome
pixel variation of CE-CT image and remove the
pancreas which 1is contacted with liver. After PHT
algorithm, the binary morphological (BM) filtering was
processed for removing of unnecessary small objects
and smoothing of the boundary.

4 slices of middle liver of CE-CT images from eight
patients were selected to evaluate the proposed
segmentation method. As the average of normalized
average area of the automatic segmentation method II
(ASM 1) using the PHT and manual segmentation
method (MSMj) are 0.1671 and 0.1711 respectively. There
are very small difference between ASM Il and MSM.
Also, the average area error rate between the ASM 1I
and MSM is 6.8339 %. From the results of experiments,
the proposed method has similar performance as the
MSM.
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