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Clinicians and other health care providers are currently being
expected to make an increasing number of consecutive and
complex decisions based on a very large amount of complex
data collected from a variety of heterogeneous sources, often
produced asynchronously.This is complicated by the addition
of a growing number of new diagnostic and monitoring
devices further highlighting the potential for an ever-growing
data stream aswell as the challenge of diagnosing and treating
multiple patients at one time. It can be argued that there
is much hidden knowledge in various clinical data such as
images, physiologic signals, and others that simply cannot be
rapidly extracted by the human eye. During the last decade,
the need for computational methods, in particular signal and
image processing algorithms, to analyze these complex data
sets and provide health care providers with recommendations
and/or predictions has been further highlighted. However,
due to the size and complexity of the data produced by
monitoring and imaging systems, the need for more effective
methods to extract knowledge from these images has not
grown with the same rate. This, of course, will impede the
development of clinical decision support systems.

This special issue of Computational and Mathematical
Methods in Medicine serves as a brief update to the cur-
rent status of and advances in methods and approaches
in biomedical signal and image processing methods used
for clinical decision support systems. The computational
methods presented in this special issue cover awide spectrum

of algorithmic approaches applied to a wide range of clinical
applications.

The paper by X. Li et al. provides a system to iden-
tify patients with poststroke mild cognitive impairment by
pattern recognition of working memory load-related ERP
which may improve our assessment of some of the long-term
impacts of stroke. E. Swanly et al. present a methodology
to process CT images in order to spot pulmonary TB in a
more effectivemanner. F. Li and F. Porikli give the description
of their method that allows tracking of lung tumors in
orthogonal X-rays. The paper by N. Saidin et al. presents
a method for computer-aided detection of breast density
for more accurate detection of breast cancer. This paper
also presents a methodology for visualization of other breast
anatomical regions on mammogram. H. Jiang et al. provide
a hybrid method, based on level-set methods, for extraction
of pancreas images from CT scanning with may clinical
applications where CT is used for detection of potential
damages to pancreas. The study by M. Jiang et al. focuses
on parameter optimization for support vector regression in
solving the inverse ECG problem, while H.-T. Wu et al.
present the results of their study on quantification of the
complex fluctuation between R-R intervals series and pho-
toplethysmography amplitude series. Both of these methods
may have wide ranging implications for new physiologic
diagnostic approaches for patients. The paper presented by
Y.-W. Chen et al. focuses on a computer-aided diagnosis
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and quantification of cirrhotic livers based on morphological
analysis and machine learning. I. Cruz-Aceves et al. present
their unsupervised cardiac image segmentation that applies
multiswarm active contours with a shape prior. Finally, the
paper by H. Jiang et al. provides a liver segmentationmethod,
based on snakes model and improved GrowCut algorithm
that is applied to abdominal CT images.

As more advanced imaging and monitoring systems
are designed, it is expected that the algorithms to process
the data produced by these systems need to be evolved
accordingly. These novel approaches may not only help
extract new knowledge that are not readily possible through
current traditional interpretation but also set the stage for
providing rapid predictive information assisting health care
providers in making better informed decisions. As shown in
the papers presented in this special issue, these changes need
to address both size and complexity of the produced data.The
opportunities are rich as are the challenges.

Kayvan Najarian
Kevin R. Ward

Shahram Shirani
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One third of the world’s population is thought to have been infected with mycobacterium tuberculosis (TB) with new infection
occurring at a rate of about one per second. TB typically attacks the lungs. Indication of cavities in upper lobes of lungs shows
the high infection. Traditionally, it has been detected manually by physicians. But the automatic technique proposed in this paper
focuses on accurate detection of disease by computed tomography (CT) using computer-aided detection (CAD) system.The various
steps of the detection process include the following: (i) image preprocessing, which is done by techniques such as resizing, masking,
andGaussian smoothening, (ii) image egmentation that is implemented by usingmean-shiftmodel and gradient vector flow (GVF)
model, (iii) feature extraction that can be achieved by Gradient inverse coefficient of variation and circularity measure, and (iv)
classification using Bayesian classifier. Experimental results show that its perfection of detecting cavities is very accurate in low
false positive rate (FPR).

1. Introduction

Even though many effective methods have been taken to
reduce the effect of TB, it is a third high rated disease causing
death every year since just X-rays are used for detection
process. TB cavities near clavicles will not be visible in X-rays.
So, dosage estimation for patients would probably go wrong,
which results in drug resistance problem. To overcome this
problem, an automated segmentation technique is proposed
in this work by using CT images. Gradient inverse coefficient
of variation and circularity measures is used to classify
detected features and confirm true TB cavities.

Classification of the infectious stages based on their
intensity is very important to recover from the disease based
on the stage of its infection level [1]. Chest radiograph is
the primary detection tool [2]. TB diagnosis usually occurs
after a combination of skin, blood, and imaging tests. In
routine diagnosis, skin and blood tests are taken in case
of latent stage of disease in which patients does not show

symptoms. CXR is usually taken when the patient shows
pulmonary complications. The combination of radiographic
findings and demographic/clinical data helps physicians to
decide the possibility of infectious TB [3].

Manually the detection of TB cavities is done by just
looking at the X-rays/CT images by the doctors/technicians.
So by means of looking at the images by the naked eye
there is more chance for wrong prediction of the intensity
of the cavities. Hence, because of this wrong prediction of
the cavities, the physicians may not prescribe correct dosage
of medicine. They may prescribe high or low dosage of
medicine. If the dosage is too high it will lead to various
harmful effects such as causing other diseases. If the dosage
is too low the patient cannot easily recover from the disease
soon. So the accurate detection of the cavities must be done
for the accurate prescription of medicine with the correct
dosage to get rid of the disease completely.

Therefore this technique performs accurate detection of
cavities, and hence it is used by the physicians to prescribe
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exact medicine with correct dosage; therefore the patient can
recover soon from the disease completely. Tuberculin Skin
Testing (TST) or Mantoux test is the standard method of
determining whether a person is infected with M. Tuber-
culosis. Reliable administration and reading of the TST
requires standardisation of procedure training, supervision,
and practice. Some personsmay react to the TST even though
they are not infected with TB. But, in some cases, persons
may not react to the TST even though they are infected with
TB. This makes the detection process complex. By means of
the proposed technique, the complexity can be reduced for
finding their intensities, and the disease can be identified
directly and accurately.

This paper focuses on accurately detecting TB cavities
from CT images by CAD system. Currently, the detection
of TB cavities from CT images is mainly conducted visu-
ally by radiologists based on their knowledge and expe-
rience. Computer-aided detection (CADe) and computer-
aided diagnosis (CADx) are procedures in medicine that
assist doctors in the interpretation of medical images. Imag-
ing techniques inX-ray,Magnetic Resonance Imaging (MRI),
and Ultrasound diagnostics yield a great deal of computed
tomography. CAD is a technology combining elements
of artificial intelligence and digital image processing with
radiological image processing. Typical application is in the
detection of tumour.

CAD systems are routinely used in a number of med-
ical institutions around the world. It assists radiologists in
detection of abnormalities. All commercial computer-aided
detection systems use specific threshold values to determine
whether an identified suspicious region is ultimately listed
as positive findings, and the performance of these systems
are frequently evaluated on the basis of the case-based
sensitivity achieved at a given false-positive detection rate. It
is developed for diagnosis of various diseases and has become
commonly used in routine diagnostic procedures such as, the
diagnosis of breast cancer and lung cancer [4].

Although numerous techniques for segmenting lung
fields have been proposed in [5, 6], automatic detection of TB
cavities fromCXRs has not been adequately studied. Previous
researchers have worked on distinguishing abnormal CXRs
from normal ones using texture features as in [7, 8]; however,
their approaches do not aim to locate cavities. In this paper,
we propose a technique to automatically segment and classify
TB cavities from digital CTs. Our method can be applied
either independently or as an additional step to previous
methods to provide physicians with more information about
suspected TB.

Traditionally, X-rays were used for detection process. An
X-ray will only produce a two dimensional shadow of an
object. It does not provide any details. X-ray beams pass
through almost any soft tissue in the body, thereby creating
a shadow-like impression of the bones on a radiograph. A
shadowwill deliver an incomplete picture of an object’s shape,
thus avoiding the details. Since X-rays creates only a shadow,
it is possible that the smaller bones will get overshadowed
by the larger shadows. As a result, the cavities near clavicles
will not be visible in X-rays. Hence, it is a tough task for
the physicians to prescribe medicines. So, CT scan is used

(a)

(b)

Figure 1: Difference between an X-ray and a CT image, (a) X-ray
and (b) CT image.

in order to generate a three-dimensional image from two-
dimensional X-ray picture, a narrow slice at a time. A CT
scan thus takes these axial image, compiles them together,
and recreates how the tissues and organs are located inside
the body, aiding doctors to arrive at an accurate diagnosis.
By following this technique, intensity of infection would
be accurately determined. The patient can be verified for
complete cure, and the treatment can be suspended [9].

Figure 1 represents the difference between X-ray and CT
images. By analysing the images, we can easily infer that the
cavities shown by the arrow in X-ray image are not clear and
cannot be viewed properly. But, in case of CT image the arrow
clearly indicates the cavities.

The presence of cavities in the upper lobes of the lungs
signifies high infection of the disease. Segmentation is an
important procedure in medical image analysis and classi-
fication especially for radiological evaluation or computer-
aided diagnosis. Image segmentation refers to the process
of partitioning an image into distinct regions by grouping
together neighbourhood pixels based on some predeter-
mined specific properties or features of pixels representing
objects in the image. In other words, segmentation is a
pixel classification technique that allows the formation of
regions of similarities in the image [10]. Image segmentation
methods can be broadly classified into three categories:
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boundary-based techniques, region-based techniques, and
pixel-based direct classification methods. In practice, region-
based methods are mostly used. They are typically very fast
and easy to manipulate [11].

To improve performance of region-based methods and
their results, preprocessing techniques are usually required.
The segmentation of the cavities should be done automat-
ically for which active contour (AC) models (or snakes)
[12–14] are commonly used as segmentation techniques for
medical images. ACs are computer generated curves that
move within image to find object boundaries. They can be
used to track objects in temporal aswell as spatial dimensions.
They can easily be manipulated using external GVF forces.
The GVF forces are used to derive the snake, modeled as
a physical object having a resistance to both stretching and
bending, towards the boundaries of the object.

The GVF forces are calculated by applying diffusion
equations to both components of the gradient of an image
edge map. Active contour is done after the initial contour
for locating a particular intensity of the cavity. In this
initial contour method, Mean Shift Segmentation Algorithm
is used. AC models have limited capture range. It cannot
converge accurately unless an initial contour is specified close
to the region of interest. Since more than one TB cavity is
possible in infected lungs, we assess the performance of AC
models in segmentingmultiple cavities. A commonweakness
ofmost ACmodels is the necessity to define an initial contour
close to the Region of Interest (ROI) for the algorithms to
evolve and converge.

Various Preprocessing techniques have been used to
remove normal or unrelated structures in the CT images.
However, analysis of the CTs shows that the conditions,
such as the texture and shape, in the individual lungs could
vary significantly. Therefore, subtraction techniques cannot
be directly applied. To deal with the complicated texture
and varied intensity distribution, a clustering and adaptive
thresholding scheme coupled with a robust AC model is
applied in our approach to extract suspected cavities. True
cavities are then distinguished from false positives (FPs),
using a Bayesian classifier. Both the segmentation and clas-
sification are automatic. We believe that our work is one
of the first attempts at automatically locating pulmonary
TB cavities in CTs with high-accuracy and low FPR. In
[15], the authors have proposed a technique to detect TB in
microscopic images.They have used adaptive threshold based
segmentation and morphological, colour, and size filters to
remove unwanted data set in the (R-G) Segmented image.

In [16], a technique to detect TB has been proposed,
based on binarization process to set edge lines of ribs,
Gradient vector flow model for segmentation and K-means
algorithm for classification. Also, in [17], a method has been
discussed to detect TB Ziehl-Neelsen Stained Tissue Slide
Images. Active shape model was used for texture analysis.
Multilevel Image Enhancement for Pulmonary TB Analysis
is the task of autodetecting the tiny nodules, which will
help to get more information of pulmonary tuberculosis.
Two image processing techniques were applied into lung
tissue information recognition. (1) A repetitive smoothing-
sharpening technique is proposed and its impact is assessed

to beneficially enhance X-ray lung images. (2) The ridge
detection algorithm is going to diagnose indeterminate
nodules correctly, allowing curative resection of early-stage
malignant nodules and avoiding the morbidity and mortality
of surgery for benign nodules. The proposed technique has
been tested on lung X-ray images [18].

In [19], the authors have proposed an efficient coarse-
to-fine dual scale technique for cavity detection in chest
radiographs. Gaussian-based matching, local binary pattern,
and gradient orientation features are applied at the coarse
scale, while circularity, gradient inverse coefficient of varia-
tion and Kullback-Leibler divergence measures are applied at
the fine scale. A survey of Automatic screening for TB in chest
radiographs shows that TB screening is a challenging task and
an open research problem [20].

2. Preprocessing and Experimental Setup

Thematerials used in this paper are the CT images. They are
pre-processed before segmentation and classification process.
Image preprocessing can significantly increase the reliability
of an optical inspection. Preprocessing is very useful in a
variety of situations since it helps to suppress information
that is not relevant to the specific image processing or analysis
task. Therefore, the aim of preprocessing is an improvement
of the image data that suppresses undesired distortions
or enhances some image features important for further
processing. Although geometric transformations of images
(e.g., rotation, scaling, and translation) are also classified
as preprocessing methods, in this model, we have used
techniques such as image resizing, masking, and Gaussian
smoothening.

In image resizing, the size of an image is increased. So, the
pixels which comprise the image become increasingly visible,
making the image soft as shown in Figure 3. Image masking
has to be done to remove background (outer area of a lung)
area of an image. Gaussian smoothening is done to enhance
the contrast while reducing the noise caused by the compli-
cated texture. These images usually have low contrast and
complicated texture.The complex patterns surrounding a TB
cavity are indicated by numbers as in Figure 2.Therefore, it is
difficult to directly apply these methods without adaptation
for lungs infected with TB. Instead, after examining 30 pre-
processed images, amask is created to approximate theUpper
Lower Zones (ULZs), as shown in Figure 5.

After preprocessing, the preprocessed image as in
Figure 4 is obtained, for which the segmentation is carried
out. It is done by two methods, initial contour and the
active contour. In the initial contour method, the technique
known as mean shift segmentation model is used. Mean shift
segmentation is classified as density estimation function. In
the active contour gradient vector flow technique is used.
The GVF forces are used to derive the snake, modeled as
a physical object having a resistance to both stretching and
bending, towards the boundaries of the object. The GVF
forces are calculated by applying diffusion equations to both
components of the gradient of an image edge map. They can
be used to track objects in temporal as well as the spatial
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Figure 2: Original CXRs with TB cavities often have low-contrast
and complicated texture.

Figure 3: Resized image.

Figure 4: Image after Preprocessing of original image.

Figure 5: Image masking.

dimensions. They can easily be manipulated using external
GVF forces.

3. Cavities Classification Model

From many other segmentation methods proposed in the
literature, the initialization step in our solution is fully
automatic, which is necessary when a large number of CTs
need to be examined. Initialization is carried out in three
stages. In the first stage, it deals with the preprocessing of
images. In the second stage, it deals with segmentation in
which setting threshold and clustering of the pixel are carried
out to define initial contours of suspected cavities [21]. In
the initial contour method the technique known as mean
shift segmentation model is used. Mean shift segmentation is
classified as density estimation function. The initial contours
are then converged using an AC model by means of GVF
segmentation algorithm.

In the third stage, the suspected TB cavities are either
confirmed or excluded by using optimal thresholds in a
Bayesian classification technique based on gradient inverse
coefficient of variation (GICOV) [22] and mean circularity
measure [23]. If a cavity appears near the clavicles, it is very
likely that the cavity is partially occluded, which makes the
visible part of the cavity violate the circularity criterion. In
addition, as compared in Figure 5, the radio-dense clavicles
make the intensity distribution of lung fields near them quite
different from other portions of the lung fields which may
require a different GICOV threshold. Therefore, if no cavity
is confirmed in the clavicle regions in second stage, those
regions go through segmentation and classification stage
(third stage), using new GICOV and circularity thresholds
calculated for them.

An overview of the cavities classifying model is given in
Figure 6. In Figures 7(a)–7(f), the sample images obtained
during the classification process steps have been shown.

3.1. Image Preprocessing. Removing unwanted dataset in the
image is done by using the following preprocessing tech-
niques: image resizing, image masking, Gaussian smoothen-
ing, and conversion of unsigned images into double precision
images. Image resizing is by minimizing an image into 300 ×
200, since normal CT image of a lung would be more than
1000 × 500. Masking is done in such a way that there are
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Figure 6: Architecture of cavities classification model.

two bitmaps in the actual image. The unused areas are given
a pixel value with all bits set to 0s. In a masked image, the
image areas are given a pixel value of all bits set to 0s and the
surrounding areas a value of all bits set to 1s.

Histogram equalization is a method in image processing
for contrast adjustment. Using the image’s histogram through
this adjustment, the intensities can be better distributed on
the histogram.This allows for areas of lower local contrast to
gain a higher contrast. Histogram equalization accomplishes
this by spreading out the most frequent intensity values such
that the data set will be clearer. As Gaussian noise is used, at
each pixel, the values are statistically independent.

3.2. Image Segmentation. Segmentation refers to the process
of partitioning an image into multiple segments (set of
pixels, called super pixels). Image segmentation is used to
locate objects and boundaries (lines, curves) in images. It
is the process of assigning a label to every pixel in an
image, so that pixels with the same label can have some
similar characteristics. For the mean shift segmentation of
initial contour, feature space parameter will be considered
as probability density function (probability of likelihood of
a variable to occur in a certain region will be integrated
together and results will be calculated).

Although AC models based on energy minimization are
effective segmentation methods, the traditional AC models
have several drawbacks: they are sensitive to the initial
contour placement, can have a capture range too small to
detect cavities, may need to apply different parameter values
to guide convergence, and do not performwell on weak edges

[24]. To deal with these problems and take advantage of the
knowledge that the boundaries of TB cavities follow dark-
to-bright transitions in CTs, we incorporate the directional
GVF models to delineate the suspected TB cavities. This AC
model performs well for contrast changes and weak edges,
since multiple cavities can exist as in Figure 2. In contrast
to other AC models, which require an initial contour to be
selected manually, we automate the initial contour placement
using mean shift segmentation as in Figure 7(b) and apply
adaptive thresholding to control the clustering process. Mean
shift [25] is a feature space analysis technique that clusters
neighbouring data points with similar characteristics using
a neighbourhood search procedure.

Selecting a global threshold for the entire image cannot
produce accurate result because of the varied intensity dis-
tribution. In our adaptive threshold approach, the threshold
needs to be determined by local image attributes. This will
reflect not only the characteristics in the neighbourhood but
also the presence of TB cavities. In order to discover such an
attribute, we perform experiments using the training image
set. Due to the destruction of pulmonary tissue caused by
TB, the texture of one lung is very likely to be quite different
from the other in the same CT [26]. Therefore, different
thresholds should be applied to individual lungs according to
their contents.

The existing system for the detection of cavities has been
done by using the CXR, where the cavities near the clavicles
are tough to identify. But in the proposed system, we focus
on CT images as CT images give three dimensional view
and accurate picture of the cavities near clavicles that can
be viewed clearly, and hence detection is done accurately.
The proposed system usesMean Shift andGVF segmentation
algorithms for image segmentation.

3.2.1. Mean Shift Segmentation Algorithm. The mean shift
technique detects modes in a probability density function
based on the Parzen Density Estimate as follows [26]:

̂
𝑓𝑘
𝑠
(𝑥) =

1

𝑁ℎ
𝑑

𝑁

∑

𝑖=1

𝐾
𝑠
(

𝑥 − 𝑥
𝑖

ℎ

) , (1)

where𝑁 is the number of 𝑑-dimensional vectors 𝑥
1
, . . . , 𝑥

𝑁
.

The parameter ℎ is the window radius of the kernel 𝐾
𝑠
.

During image segmentation, each feature vector contains
spatial information of each pixel and the corresponding
colour/intensity information in the range domain of dimen-
sion one or more.

The multivariate mean shift vector in any point 𝑝 can be
calculated as

𝑚
𝑘
(𝑝) =

∑
𝑁

𝑖=1
𝑝
𝑖
𝐾((𝑝 − 𝑝

𝑖
) /ℎ)

∑
𝑁

𝑖=1
𝐾((𝑝 − 𝑝

𝑖
) /ℎ)

− 𝑃. (2)

So, considering a uniform kernel, the mean shift vector can
be calculated from the above equation gets the value of the
average calculated from the differences in vectors. So, it
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(a) (b)

(c) (d)

(e) (f)

Figure 7: Sample images obtained during the classification process steps: (a) pre-processed, (b) mean shift-segmented, (c) thresholded, (d)
initial contours, (e) active contour segmented, and (f) cavities classified.

is evident that the mean shift vector is proportional to the
normalized density gradient estimate [27] as follows:
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1

2

ℎ
2

𝑐

∇
̂
𝑓𝐾
𝐸
(𝑝)

̂
𝑓𝐾
𝑈
(𝑝)

, (3)
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2

)




𝑝




≤ 1

0 Otherwise.
(4)

The algorithm for Mean shift segmentation is as follows.

Input. Pre-processed Image

Output. Suspected area in the image (circled parts in
the image)

Step 1. Set up 100 × 100 pixel as a seed point (mean
value)

Step 2. Initialize the threshold value

Step 3. Calculate the distance from the mean to each
pixel in the image
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Step 4. Square the distance value and check if it is
lesser than the threshold; then add those pixels with
the cluster
Step 5. Calculate new mean in the cluster
Step 6. If both the clusters (pixels in clusters) are lesser
than the threshold/2

Group them as one

Else

Redo the steps from Step 3 based on the new
mean

Step 7. Get all the connected components (patches) in
each cluster
Step 8. Compare each patch in the cluster with
neighbourhood clusters which adds votes in an array
for each pixel
Step 9. Finally group the pixels which are all having
more votes for a cluster.

We have taken 5 as threshold value for the purpose of
clustering; that is, five times the pixel value is compared with
the neighbourhood pixels and then grouped together into a
single cluster. Andhence clustering is done by using threshold
value. The seed (mean) point is picked randomly. This seed
point is used as a start of mean. Mean points are used for
pointing the location. The seed point can be 120 × 100, 150 ×
200, and so on. During experimentation it was found that the
segmentation process showed improved performance when
the seed point was chosen as 100 × 100.

3.2.2. GVF Segmentation Algorithm. The Gradient Vector
Flow (GVF) framework defines a new well designed, bi-
directional external force that identifies the object boundaries
from both of the directions and can deal with concave
regions. GVF is an alternative to the distance transform.
Unlike distance transform, a binary edge map is required;
the GVF is estimated directly from the continuous gradient
space. Also, the diffusion process that provides the GVF leads
to a measurement that is contextual and not equivalent to the
distance from the closest point.This is becausemore than one
boundary pixel take part in the estimation of the GVF.

A Gaussian edge detector is used to define a continuous
edge based data space. It is also assumed that it has mean
value as zero and variance as 𝜎

𝐸
as follows:

𝑔 (𝑝) =

1

2𝜋√𝜎𝐸

𝑒
−|∇(𝐺

𝜎
∗𝐼)(𝑝)|

2

/2𝜎
2

𝐸
, 𝑓 (𝑥, 𝑦) = 1 − 𝑔 (𝑝) .

(5)

The GVF segmentation algorithm is as follows.

Input. Output of Initial Contour
Output. Deformed shape of circles
Step 1. To deform the shape (change circle shape to
compressed or stretched form) solve a linear equation
as follows:

𝑎𝑥 = 𝑏

𝑎→ matrix (𝑜/𝑝 from initial contour)
𝑏 → vector field
Calculate the GVF force

Step 2. Interpolate the deformed shape using GVF
force calculated above

If shape compressed too much
Remove a neighbourhood pixel

Else

Add some pixels in between randomly

Step 3. Repeat Step 2 for more iteration and stop if
there is no change in shape
Step 4. Give some colour to differentiate the circle
from the Image.

3.3. Image Classification. After the TB cavities are segmented
out from the images, they are classified using a Bayesian clas-
sifier. Two features are considered for classification: the inner
boundary of a TB cavity which has dark-bright transition
and the TB cavity which often appears circular in CT. To
best represent the two features, we use GICOV algorithm
for inner boundary features and circular measure for shape
feature [27].

In the Bayesian analysis, prior probabilities are based on
previous experience. In this case cavity and noncavity images
are considered for prior probability.

Thus, we can write the following:

Prior probability for Cavity Image

∝

Number of Images with cavities
Total Number of images

,

Prior probability for Noncavity Image

∝

Number of Noncavity Images
Total Number of images

.

(6)

This classification step is used to detect cavities in region
near clavicles. If we fail to detect the cavities in the previous
two steps and the cavities detected in this area do not
satisfy the circular condition, the higher threshold value is
used for classification. This model provides the detection
framework that uses the classification measures such as
GICOV, circularity, and the hybrid approach in identifying
TB cavities.

3.3.1. Gradient Inverse Coefficient of Variation Algorithm. Let
(𝑋(𝑠), 𝑌(𝑠)) represent a 2-D closed contour parameterized
through 𝑠 ∈ [0, 1]. If 𝐼(𝑥, 𝑦) denotes an image, then the
mean of the image gradient𝑀(𝑋,𝑌) over the entire contour
computed in the outward normal direction is given by

𝑀(𝑋,𝑌) =

1

𝐿

∫

1

0

∇𝐼 (𝑋 (𝑠) , 𝑌 (𝑠)) ⋅ 𝑛 (𝑋 (𝑠) , 𝑌 (𝑠)) 𝑑𝑠, (7)
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where 𝑛(𝑋(𝑠), 𝑌(𝑠)) is the unit outward normal to the contour
at (𝑋(𝑠), 𝑌(𝑠)) and 𝐿 is the length of the contour given by

𝐿 = ∫

1

0

√𝑋
𝑆

2

+ 𝑌
𝑆

2

𝑑𝑠. (8)

The incorporation of directional information provides supe-
rior results when the contour intersects adjacent object
boundaries. When the snake model is implemented without
respect to directionality, the snake may be attracted to a
strong edge that has a different gradient direction and could
be resultant fromanother object.Theuse of the gradient oper-
ator as a segmentation/edge detection tool is substantially
enhanced by the utilization of directional information [27].

The variance of the image gradients over the entire
contour computed in the outward normal direction n is given
by

𝑆
2

(𝑋, 𝑌) =

1

𝐿

∫

1

0

[∇𝐼 (𝑋 (𝑠) , 𝑌 (𝑠)) ⋅ 𝑛(𝑋 (𝑠) , 𝑌 (𝑠))]
2

𝑑𝑠

−𝑀
2

(𝑋, 𝑌) .

(9)

It is important to note that even if the object edge strengthwas
not quite uniform along its boundary, in a highly cluttered
environment the statistic [8]would be quite effective in reject-
ing clutter. Taking into account the above considerations, we
can define the GICOV as

𝑉 (𝑋, 𝑌) =

𝑀 (𝑋, 𝑌)

𝑆 (𝑋, 𝑌) /√𝐿

, (10)

where√𝐿 functions as a normalization factor. The algorithm
for GICOV is as follows:

Input.Threshold image, suspected area (circles)
Output. Deformed image
Step 1. Calculate the GICOV value for each point

Based on the mathematical model proposed by
Dong et al.,

𝑛 → denotes the points on the circle
𝑠 → standard deviation of points
𝑚 → constant value

Step 2. Select the circles based on gamma and𝑚 values
given
Step 3. Find out the pixels which are local maximum
of GICOV values inside each circle
Step 4. Recalculate the above procedure until the
values are constant.

3.3.2. Algorithm for Circularity Measure. A circularity mea-
sure can be estimated by using the similarity measure of
polygons. The important thing is to find out the similarity
between an input discrete curve and a real circle. Initially,
the tangent space representation of a real circle has to

be determined. The circularity measure can be defined as
follows:

CM
𝜍
= ∫

1

0

(𝑇 (𝜍) (𝑠) − 2𝜋𝑠 + 𝜃
0
)
2

𝑑𝑠, (11)

where 𝜃
0
= ∫

1

0

𝑇(𝜍)(𝑠)𝑑𝑠 − 𝜋.
The algorithm for estimating the circularity is as follows:

Input. Circled area

Output. Circles (having bright to dark transition)

Step 1. Calculate mean value between points on the
curve of the suspected area, which is the output of the
gradient inverse coefficient of variation module.

Step 2. Find out the square root of mean value of
points on the curve. Find variance for the value which
is calculated above.

Step 3. Find maximum value of square root, which is
calculated above.

Step 4. Calculate circularity factor by, dividing the
variance value by max (square root)

Step 5. Stop this iteration at the point of getting
repeated values. Return the circularity factor to the
main program.

3.3.3. Hybrid Scheme. In the hybrid scheme, we have used
GICOV algorithm for inner boundary features and circular
measure for shape feature together for classification.

4. Results and Discussion

TheCT images used for testing and training for classification
and segmentation were collected from Sree Moohambika
Institute Of Medical Science, Kulasekaram, and Trivandram
Medical College, India.Theywere freely collected for research
purpose. We have used 54 CT images, out of which 17 images
have cavities and the remaining images do not have cavities.

For detecting cavities before handling the classification
technique, the segmentation of the image takes place, in
which initial contour is done before active contour. For larger
number of CTs to be examined, this initial contour method
is impossible. In computer aided system, the approach is
to locate the cavities in the lung field and start the snake
evolution. The automatic step is initialized by choosing mid-
point in each of the images which is roughly in the middle of
ULZ, to initialize a circle with a radius of three pixels as an
initial snake [26]. The set of cavity detected CT images and
noncavity CT images is tested to give an accurate result.Thus
this technique deals with the accurate detection of cavities.

Figure 8 shows the segmentation results using our algo-
rithm on two test images. Cavities, active contour, and initial
contour are represented in red, yellow, and green colours,
respectively. All the initial contours (green circles) in this
comparison are generated automatically, using our method
[28].
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(a) (b) (c)

Figure 8: Comparison of performance using different classification measures on two test images. Using the hybrid classification measure
produces fewer FPs than using GICOV alone or using circularity alone. (a) Initial contour, (b) active contour, and (c) cavities.

4.1. Performance Evaluation. We have performed statistical
analysis by comparing the performance of the proposed
system with CXR images and with CT images. Table 1
compares the performance of the system with CXR images
with different features. In Table 2, different features were
used for classification, and the images used were CT images.
The experiments were conducted with CT images for which
results were already known (lungs which were affected with
TB and not affected). The normal set contains CT images
without TB infection.Thenoncavity set seems to have cavities
duringmanual inspection, but actually it is a noncavity image.
All set contains normal images, cavity images, noncavity
images.

The above comparison has been done by examining both
CT images and CXR images. First, the processing has been
started by providing initial contour on every image.Then the
classification has been done based on the GICOV, circularity,
and hybrid methods. The hybrid approach shows a best
performance among the three with the FPR as 0.143/image.
On the other hand, the rate is almost double when using
GICOV alone or circularity alone.

The comparison of two CT test images based on different
classification is depicted in Figure 9. In the images on left
side, GICOV alone produces 2FPs, while the circularity alone

and hybrid approach produce only 1FP. The right side image
shows that GICOV alone produces 3FPs, the circularity alone
produces 2FPs, and hybrid approach produces only 1FP.Thus
the performance is good in hybrid approach.

4.2. Training and Testing. The digital images to be tested are
copied to CAD server in a DICOM-format, and we have
prepared and analysed in several steps.

Step 1. Preprocessing is used for

(a) reduction of bugs in images
(b) image noise reduction
(c) levelling of image quality for clearing the images

different basic conditions

Step 2. Segmentation is used for

(a) differentiation of different structures in the
image, for example, lungs, ribcage, and possible
round lesion

Step 3. Structure/ROI (region of interest) analyse
every detected region individually for
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(b)

(c)

Figure 9: Comparison of performance based on different CT images (a) GICOV (b) circularity (c) hybrid.

Table 1: Comparison of performance using X-ray images.

Cavity set Noncavity set Normal set All
TPR FPR (per image) TPR FPR (per image) TPR FPR (per image) TPR FPR (per image)

GICOV 74.1 0.984 79.4 0.785 70.4 0.028 80.1 0.189
Circularity 75.4 0.915 78.8 0.641 72.9 0.0187 80.9 0.195
Hybrid 76.2 0.685 74.9 0.342 75.8 0.0096 81.2 0.18

Table 2: Comparison of performance using CT images.

Cavity set Noncavity set Normal set All
TPR FPR (per image) TPR FPR (per image) TPR FPR (per image) TPR FPR (per image)

GICOV 80.2 1.043 81.1 0.803 80.5 0.043 82.5 0.243
Circularity 80.5 1.243 80.8 0.59 81.2 0.033 82.3 0.23
Hybrid 81.4 0.743 80.3 0.443 82.5 0.02 83.3 0.143
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Figure 10: Two cavities are missed by our technique because
automatic initialization fails to place initial contours inside the
cavities.

(a) compactness
(b) form, size, and location
(c) reference to close-by structures

Step 4. Feature extraction for

(a) shape features
(b) inner boundary features

Step 5. Bayesian classification for

(a) classification TP and FP of the cavities.

4.3. Limitation of the Approach. In Figure 10, there are cav-
ities missed by our method. This problem arises because
automatic initialization fails to place initial contours inside
the cavities. To overcome thesemissing cavities, features such
as adaptive thresholding and template-based schemes can be
used in the future. By using these template-based schemes,
the cavities which have been failed to detect will be also
detected.

5. Conclusion and Future Work

In this paper, an approach for automatic TB cavity detection
from CTs has been proposed. So far, there are no automatic
algorithms developed that can detect TB cavities from CTs
accurately. In this approach, a mean shift segmentation
technique integrated with adaptive thresholding to automate
the initial contour has been done. These initial contours are
further used in a GVF snake model to segment out suspected
features. In the subsequent classification process, GICOV
and circularity thresholds are applied. Experimental results
demonstrate that our method achieves good accuracy with a
low FPR.
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The early detection of subjects with probable cognitive deficits is crucial for effective appliance of treatment strategies. This paper
explored a methodology used to discriminate between evoked related potential signals of stroke patients and their matched control
subjects in a visual working memory paradigm. The proposed algorithm, which combined independent component analysis and
orthogonal empirical mode decomposition, was applied to extract independent sources. Four types of target stimulus features
including P300 peak latency, P300 peak amplitude, root mean square, and theta frequency band power were chosen. Evolutionary
multiple kernel support vector machine (EMK-SVM) based on genetic programming was investigated to classify stroke patients
and healthy controls. Based on 5-fold cross-validation runs, EMK-SVM provided better classification performance compared with
other state-of-the-art algorithms. Comparing stroke patients with healthy controls using the proposed algorithm, we achieved the
maximum classification accuracies of 91.76% and 82.23% for 0-back and 1-back tasks, respectively. Overall, the experimental results
showed that the proposed method was effective. The approach in this study may eventually lead to a reliable tool for identifying
suitable brain impairment candidates and assessing cognitive function.

1. Introduction

Cognitive impairment after a stroke can affect the activities of
daily living. Specifically, stroke patients are often associated
with the working memory loss compared to age-matched
healthy controls.The working memory is used for temporary
storage and manipulation of the information and plays a key
role in long-termmemory, language, and execution function.
Mild cognitive impairment (MCI) is common in poststroke
patients [1], and it is widely considered to be the clinical tran-
sition stage between normal aging and dementia. Therefore,
early MCI detection is of crucial importance for preventing
poststroke dementia onset [2–6].

The accurate identification and assessment of cognitive
function present a major clinical challenge. At present,
the medical diagnosis of MCI is usually performed by
some extensive tests including neuropsychological tests such
as Mini-Mental State Examination (MMSE), neurological
examination, and electrophysiological signal detection such

as EEG [4, 7–9].Due to its temporal resolution in themillisec-
ond range as well as its noninvasiveness, wide availability, and
relatively low costs, EEG is a popularmeasurement technique
containing a lot of information about the human brain func-
tion and neurological disorders [10, 11]. It can also provide the
objectivity and quantity evidence for the medical diagnosis
[12, 13].

Prior EEG studies have concentrated on measuring scalp
P300 event related potential (ERP) and EEG frequency power
in cognitive impairment patients. The P300 component is
typically elicited approximately 300ms after each infrequent
target stimulus, with reflecting the context updating and the
categorization of relevant tasks [14–16]. Parameters extracted
from ERP signals are of clinical interest because they are
useful in differentiating the healthy controls from cognitive
impairment patients [8, 11, 17]. In the time domain, themajor-
ity of studies on P300 in cognitive impairment have reported
prolonged latencies and reduced amplitudes in visual or audi-
tory modality [15, 18]. In the frequency domain, the spectral
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Figure 1: The general diagram of the proposed methodology.

studies on the cognition have reported theta power changes
due to increased demands on cognitive processes, such as
the presentation of infrequent target stimulus in an oddball
paradigm. Therefore, it is possible that the reduction of EEG
theta power is a feature of cognitive impairment [2, 15, 19, 20].

Some studies have been motivated by the goal of using
EEG to identify cognitive impairment patients with effective
algorithms. Lehmann et al. explored the ability of a multitude
of linear and nonlinear classification algorithms (i.e., linear
discriminant analysis (LDA), neural network (NN), and sup-
port vector machine (SVM)) to discriminate between EEG
signals of patients with varying degrees of cognitive impair-
ment [9]. Dauwels et al. used LDA and quadratic discrim-
inant analysis (QDA) to classify cognitive impairment [4].
Akrofi et al. studied the classification of cognitive impairment
using Gaussian mixture model and selected features from
relative average power and the coherence between intrahemi-
spheric channel pairs [3]. Gallego-Jutglà et al. used theta band
power and LDA to achieve the best accuracy for diagnosing
cognitive impairment [21].

In those EEG-based classification algorithms, SVMbased
on structural risk minimization yields good performances in
many applications, especially for solving problems with high
dimension, nonlinearity, and small dataset. However, it is
often unclear what the most suitable kernel in SVM is, and so
the user may wish to combine several possible kernels. Mul-
tiple kernel learning SVM (MKL-SVM) is an efficient way of
optimizing kernel weights [22, 23]. Comparedwith one single
kernel SVM, MKL-SVM can enhance the interpretability of
the decision function and improve the performance [24, 25].

Recently, nonlinear methods that include independent
component analysis (ICA) and orthogonal empirical model
decomposition (OEMD) have been proposed to extract
parameters for the analysis and classification of EEG signals
[11, 16]. ICA is a kind of blind source separation technique that
extracts statistically independent sources called independent
components (ICs) from a set of recorded signals [26]. OEMD
is a self-adaptive signal processing and data driven method.
Compared with classical time-frequency analysis methods,
such as short time Fourier transform (STFT) and Wavelet
decomposition, it is based on the local characteristic time
scales of a signal and could decompose the signal into a set
of complete orthogonal components called intrinsic mode

functions (IMFs) which are determined by the signal itself
without prior knowledge about the signal [26, 27].OEMDcan
overcome the mode aliasing and avoid the occurrence of the
fault mode [28].

In this study, we first applied the algorithm combining
ICA and OEMD to the ERP data of stroke patients and
healthy controls and used four types of features including
P300 peak latency, P300 peak amplitude, root mean square
(RMS), and theta frequency band power to separate stroke
patients from healthy ones. Then the features and the evolu-
tionary multiple kernel SVM (EMK-SVM) based on genetic
programming (GP) were used to perform the recognition of
stroke patients and healthy controls based on working mem-
ory tasks. These tasks that may elicit a P300 ERP component
were 0-back and 1-back tasks.

2. Materials and Methods

We proposed a classification approach of stroke patients and
healthy controls, as illustrated in Figure 1. The presented
approach consisted of threemain parts. (1)The preprocessing
algorithm combining ICA and OEMD was used to extract
independent source components from the 18-channel ERP
signals. (2) Four types of features includingP300peak latency,
P300 peak amplitude, RMS, and theta frequency band power
were estimated, and they were differently chosen to compose
a feature vector for further classification. (3) EMK-SVM was
employed to perform theworkingmemory task classification,
and the classification accuracies were used to evaluate the
performance of the proposed algorithm.

2.1. ERP Recordings. Consecutive patients aged 50 years or
older with a first-ever acute ischemic stroke at Huadong
Hospital Affiliated to Fudan University between May 2012
and January 2013 were recruited. All patients underwent neu-
ropsychological and neuroimaging assessments, and those
who met the criteria for vascular MCI were included (𝑛 =
13) [29, 30]. 13 age- and sex-matched healthy controls were
enrolled in this cross-sectional study. All subjects were right
handed and had normal vision. This study was approved
by Huadong Hospital Affiliated to Fudan University Ethics
Board, and all subjects gave written, informed consents
before participation.
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Figure 2:𝑁-back task timeline and electrode positions. Here trial time sequences for 0-back and 1-back conditions. Black squares represent
each stimulus in the task.The symbol ∗ stands for the target number during each trial. Five brain regions: frontocentral (FCentral): FP1, FP2,
F7, F3, Fz, F4, and F8; left sensorimotor (LSM): C3 and P3; central: Cz and Pz; right sensorimotor (RSM): C4 and P4; and occipital: O1 and
O2.

As shown in Figure 2, the working memory was assessed
using a verbal 𝑁-back task [5, 31]. A pseudorandom set
of 4 digit numbers was displayed on a monitor, and the
subjects were instructed to determine whether specific digit
one appeared on the screen (0-back task); or the currently dis-
played number at any given time had been already displayed
in the previous presentation (1-back task). Stimuli consisted
in a 0.5 sec. Inter-stimulus interval (ISI) was 2.5 sec in all
conditions. Subjects had to distinguish between targets and
nontargets by pressing a keyboard. Continuous ERP signals
were acquired using an EEG/ERP amplifier system (NATION
Inc.). For all ERP recordings, 18 electrodes were placed
according to the 10–20 international system.The chosen elec-
trode positionswere EOG1, EOG2, Fp1, Fp2, F3, F4, F7, F8, Fz,
C3, Cz, C4, P3, Pz, P4, O1, Oz, and O2 (see Figure 2). The
data were sampled at 256Hz. Signals were recorded for 120 s
during each task. Each task was repeated for three sessions.
Each session contained 40 trials with a 1 : 1 target/nontarget
relation. Namely, the total number of targets was 60, the same
as that of nontargets. The hit rate and the reaction time were
measured, as shown in Figure 3.

2.2. Preprocessing Algorithms. The difficulty in developing a
classification system based on EEG is to discriminate the
responses from the backgroundnoise reliably because the sig-
nals are relatively weak and interfered easily by the artifacts,
such as electromagnetic interference, powerline noise, EOG,
EMG, ECG, and subject movements. Some preprocessing
algorithms have been applied to the EEG data in order to
extract more informative features, which can be used as
inputs to a classifier to improve the classification accuracy
of task-related activity, such as ICA and OEMD [32, 33].
The EMD method may encounter the difficulty of mode
mixing, and it is mainly caused by noise, boundary effect,

and so forth. This type of mixing will lead to the presence of
several components of the signal of interest on the same IMF,
which can cause the difficulty in the physical discriminant of
each mode. To solve these problems, ICA and OEMD were
combined in this study. we first removed the artifacts from the
given ERP signals to extract statistically independent sources
by independent component analysis (ICA) and then decom-
posed them to extract real IMF components using OEMD
algorithm.

2.2.1. Independent Component Analysis. ICA was applied
on the entire collection of raw ERP signals 𝑦(𝑡) =

[𝑦
1
(𝑡), . . . , 𝑦

𝐿
(𝑡)]
𝑇, where 𝐿 indicated the number of channels

on the scalp.The goal of ICA is to find an unmixingmatrix𝑊
that initially produces the ERP signals 𝑦(𝑡) based on statisti-
cally independent sources 𝑠(𝑡) in the matrix form 𝑢 = 𝑊𝑦 →
𝑠. In contrast to correlation-based transformations such as
principal component analysis (PCA), ICA reduces the statis-
tical dependencies of the signals and attempts to make them
as independent as possible. This technique has shown great
promise for analyzing EEG recordings [16, 34–36]. There are
many ways for learning 𝑊. We used the extended Infomax
algorithm which minimizes the mutual information among
the data projections in order to achieve the independence.

The learning rule of the unmixing matrix𝑊 is [36]

𝑊 ∝ [𝐼 − 𝐾 tan ℎ (𝑢) 𝑢𝑇 − 𝑢𝑢𝑇]𝑊,

𝑊 (𝑚 + 1) = 𝑊 (𝑚) + 𝜇𝑊(𝑚) ,

𝑘
𝑖
= 1: super-Gaussian,

𝑘
𝑖
= −1: sub-Gaussian,

(1)
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Figure 3: Task behavior performances with hit rate and reaction time. Here HC represents healthy control and SP represents stroke patient.

where 𝑘
𝑖
are elements of the𝑁-dimensional diagonal matrix

𝐾,𝑚 is the iteration number, and𝜇 is the step size.The switch-
ing parameter 𝑘

𝑖
can be derived from the variation of the

kurtosis sign. 𝑘
𝑖
can be obtained as

𝑘
𝑖
= sign(

𝐸(𝑢
4

𝑖
) − 3(𝐸 (𝑢

2

𝑖
))

2

(𝐸 (𝑢
2

𝑖
))
2

)

= sign(
𝐸(𝑢
4

𝑖
)

(𝐸 (𝑢
2

𝑖
))
2
− 3) .

(2)

2.2.2. Orthogonal Empirical Model Decomposition. EMD is a
data-adapted interactive method, which can decompose any
complicated time series into additive components with mul-
tiscale features; that is,

𝑓 (𝑡) =

𝑀

∑

𝑗=1

𝑔
𝑜𝑗
(𝑡) + 𝑟

𝑀+1
(𝑡) . (3)

These components are denoted by IMFs, where𝑀 is the
number of IMFs, 𝑔

𝑜𝑗
(𝑡) is the𝑚th IMF, and 𝑟

𝑀+1
(𝑡) is the final

residue [37].
One of the major drawbacks of the original EMD algo-

rithm is that the IMFs are not strictly orthogonal to each other
[27], which can cause the energy leakage while decomposing.
Therefore, it is necessary to perform the orthogonal process-
ing for the IMFs from EMD in order to obtain the completely
orthogonal IMFs [38].

In particular, once the first IMF is derived, define 𝑔
1
(𝑡) =

𝑔
𝑜1
(𝑡), which is the smallest temporal scale in 𝑓(𝑡).

To determine the rest of the IMFs, generate the residue 𝑟
1
(𝑡) =

𝑓(𝑡)−𝑔
1
(𝑡). 𝑟
1
(𝑡) can be treated as the new signal and theEMD

decomposing is performed for the second IMF 𝑔
𝑜2
(𝑡). In

order to achieve the orthogonal component, 𝑔
1
(𝑡) has to be

subtracted from 𝑔
𝑜2
(𝑡); that is,

𝑔
2
(𝑡) = 𝑔

𝑜2
(𝑡) − 𝛽

21
𝑔
1
(𝑡) , (4)

where 𝑔
2
(𝑡) is the second orthogonal IMF and 𝛽

21
is the

orthogonal parameter between 𝑔
𝑜2
(𝑡) and 𝑔

1
(𝑡). With the

orthogonality between 𝑔
2
(𝑡) and 𝑔

1
(𝑡), 𝛽
21

can be obtained
as

∫

𝑇

0

𝑔
1
(𝑡) 𝑔
2
(𝑡) = ∫

𝑇

0

𝑔
1
(𝑡) 𝑔
𝑜2
(𝑡) − 𝛽

21
∫

𝑇

0

𝑔
2

1
(𝑡) = 0,

𝛽
21
=

∫

𝑇

0

𝑔
1
(𝑡) 𝑔
𝑜2
(𝑡)

∫

𝑇

0

𝑔
2

1
(𝑡)

.

(5)

The above process is repeated until the expected index
number of IMF is met [11, 38].

2.2.3. Ensemble ICA-OEMD. First, ICAbased on the extended
Infomax algorithm was applied to ERP signals, and the inde-
pendent components were extracted. Second, OEMD was
performed for each obtained source, and a set of orthogonal
IMFs was derived, in which only the IMF of interest based
on theta frequency band power and the peak between 200ms
and 450ms was selected. The combining decomposition is
adaptive to the time and frequency content of the data
themselves and can separate original ERP signals into orthog-
onal components with different time scales. Meanwhile,
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Step 1. Initialize control parameters and𝑊
0
;

Step 2. Center data;
Step 3. Compute SVD of the centered data matrix;
Step 4. Estimate the kurtosis, 𝑊 ∝ [𝐼 − 𝐾𝑡𝑎𝑛ℎ (𝑢 (𝑡)) 𝑢𝑇(𝑡) − 𝑢(𝑡)𝑢𝑇(𝑡)]W,

𝑊(𝑚 + 1) = 𝑊 (𝑚) + 𝜇𝑊(𝑚);
Step 5. Repeat Step 4 with smaller step size 𝜇 until the optimal demixing matrix𝑊 and the source

signals 𝑓 (𝑡) are achieved;
Step 6. Initialize the residual 𝑟

1
(𝑡) = 𝑓 (𝑡) (𝑓 (𝑡) is one IC) and the index number of IMF 𝑗 = 1;

Step 7. Extract the jth IMF:
(a) initialize ℎ

𝑗
0

(𝑡) = 𝑟
𝑗
(𝑡), 𝑖 = 0;

(b) extract local minima and maxima of ℎ
𝑗
𝑖

(𝑡);
(c) compute upper and lower envelope 𝑢

𝑗
𝑖

(𝑡) and V
𝑗
𝑖

(𝑡) by interpolating local maxima and
local minima of ℎ

𝑗
𝑖

(𝑡), respectively;
(d) compute the median𝑚

𝑗
𝑖

(𝑡) = (1/2) (𝑢
𝑗
𝑖

(𝑡) + V
𝑗
𝑖

(𝑡));
(e) update ℎ

𝑗
𝑖+1

(𝑡) = ℎ
𝑗
𝑖

(𝑡) − 𝑚
𝑗
𝑖

(𝑡), 𝑖 = 𝑖 + 1;
(f) calculate the stopping criterion according to SD = |𝑢max + Vmin|/|𝑢max − Vmin| until SD < 𝜃1 for some

prescribed fraction (1 − 𝛼) of the total duration, while SD < 𝜃
2
for the remaining fraction

(𝛼 = 0.05, 𝜃
1
= 0.05, 𝜃

2
= 0.5);

(g) repeat steps (b)–(f) until the stopping criterion is met, 𝑔
𝑜𝑗
(𝑡) = ℎ

𝑗
𝑖

(𝑡) (𝑔
1
(𝑡) = 𝑔

𝑜1
(𝑡)),

𝑔
𝑗
(𝑡) = 𝑔

𝑜𝑗
(𝑡) −

𝑗−1

∑

𝑙=1

𝛽
𝑗
𝑙

𝑔
𝑙
(𝑡), 𝑗 = 2, 3, . . . , 𝑛,

∫

𝑇

0

𝑔
𝑗
(𝑡) 𝑔
𝑘
(𝑡) = ∫

𝑇

0

𝑔
𝑜𝑗
(𝑡) 𝑔
𝑘
(𝑡) −

𝑗−1

∑

𝑙=1

𝛽
𝑗
𝑙

∫

𝑇

0

𝑔
𝑙
(𝑡) 𝑔
𝑘
(𝑡) = 0, 𝑘 ≤ (𝑗 − 1),

∫

𝑇

0

𝑔
𝑙
(𝑡) 𝑔
𝑘
(𝑡) = 0 𝑙 ̸= 𝑘,

𝛽
𝑗
𝑙

=

∫

𝑇

0

𝑔
𝑜𝑗
(𝑡) 𝑔
𝑙
(𝑡)

∫

𝑇

0

𝑔
𝑙

2
(𝑡)

𝑙 = 𝑘,

define the 𝑗th IMF𝑔
𝑗
(𝑡);

Step 8. Update residual 𝑟
𝑗+1
(𝑡) = 𝑟

𝑗
(𝑡) − 𝑔

𝑗
(𝑡);

Step 9. Repeat Step 7-8 with 𝑗 = 𝑗 + 1 until the expected index number of IMF is met.

Algorithm 1: ICA-OEMD.

the orthogonality property implies that different IMFs do
not have similar frequency content [26]. The algorithm is
described in Algorithm 1.

2.3. Feature Extraction. The efficient feature extraction from
multichannel working memory task EEG signals is a major
component for the cognitive state classification. In this study,
four types of features including P300 peak latency, P300
peak amplitude, RMS, and theta frequency band power were
chosen.They are classical, quantitative ERPmeasures that are
commonly used in this field [14]. In particular, we extracted
theta frequency band data of working memory task EEG
signals through the wavelet packet transform (WPT) decom-
position (4 levels) with the wavelet basis db4 and then calcu-
lated the energy spectrum.

2.4. ClassificationAlgorithm. SVM is a powerful approach for
pattern recognition especially for high dimensional, nonlin-
ear problems. Recent developments on SVMhave shown that
it is necessary to consider multiple kernels [22].This provides
flexibility and reflects the fact that typical learning problems
often involvemultiple, heterogeneous data sources. Although
the MKL-SVM algorithm is shown to improve the classifica-
tion performance effectively, it relies more on the empirical

kernel functions (e.g., polynomial function and radial basis
function) and parameters (e.g., degree and Gaussian width),
which can affect its effectiveness because different functions
and parameters may result in different performances. A
potential solution is to use GP to evolve the kernels and
associated parameters automatically [39, 40].

GP is an evolutionary algorithm inspired by biological
evolution, where each individual is a computer program
represented as a tree structure.These computer programs that
solve a given problem are genetically bred. This breeding is
done by using the genetic operations fromDarwinian princi-
ple, such as selection, crossover, andmutation.The evolution-
ary process is repeated over many generations until the fittest
individual computer program is found [40].

In this study, we evolved more effective kernel function
using GP and kernel closure properties, where each tree
structure represented a multiple kernel function [41]. EMK-
SVM is described in Algorithm 2.

The algorithm was based on GP-kernel and SVM. First,
GP started with an initial population of randomly generated
computer programs which are composed of functions and
terminals, and their individuals were some nonlinear com-
bination trees of kernel functions. Second, the SVM learning
was performed for each individual tree. The following steps
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Step 1. Create initial random population with ramped half and half;
Step 2. Calculate the classification accuracy as the fitness f of each individual with SVM;
Step 3. Repeat the following Step 4 until max

𝑖,𝑗






𝑓
𝑔

𝑖
− 𝑓
𝑔

𝑗






is less than 0.01 or the maximum

generation number is met.
Step 4. Perform genetic operations:

(a) Reproduce;
(b) Cross;
(c) Mutate;
(d) Create new individuals;
(e) Calculate the fitness;

Algorithm 2: EMK-SVM.

were performed iteratively until the termination criterion has
been satisfied.

(a) Execute each program in the population and assign
it a fitness value (classification accuracy) according to
how well it solves the classification with SVM.

(b) Create a new population by applying the genetic oper-
ations.

Third, the best kernel function that appeared in any gen-
eration was designated as the result.

Some settings of control parameters used in this study are
given in Table 1.

3. Results and Discussion

3.1. General Classification Performance. In this study, 16-
channel ERP signals were classified via a 5-fold cross-
validation. First, the ERP data were partitioned into 5 equally
sized folds. Second, 5 iterations of training and validation
were performed such that within each iteration a different
fold of the ERP data was held out for validation while the
remaining 4 folds were used for learning. Finally, the clas-
sification results from 5 folds were averaged to produce the
classification accuracy. Four types of features, including P300
peak latency, P300 peak amplitude, RMS, and theta frequency
band power, were extracted for the classification using the
EMK-SVM algorithm.

The results of the 𝐹-test and 𝑡-test are shown in Table 2.
For 0-back and 1-back tasks, the differences between stroke
patients and healthy controls were significant. There were
differences of P300 latency, P300 amplitude, RMS, and theta
band power in the stroke patients compared with healthy
ones. In particular, the differences of P300 amplitude and
RMS between stroke patients and healthy controls in 1-back
task were larger.

For 0-back and 1-back tasks, the multiple comparison
tests were also performed to determine which were signifi-
cantly different from other groups on the basis of Table 2.The
results of the multiple comparison tests with the Bonferroni
procedure are shown in the Table 3. For four types of features,
the differences between stroke patient group and healthy
control group were obvious, which were consistent with the
results in Table 2.These significant differences provide a basis
for the further classification.

Table 1: Parameters for evolutionary multiple kernel learning.

Parameter Setting
Function set FS = {+, ×, exp}

Terminal set

TS = {𝐾Poly, 𝐾RBF, 𝛼}

𝐾Pol = 𝑥𝑦 + 1

𝐾RBF = exp(−




𝑥 − 𝑦






2

/2)

𝛼 ∈ [−1, 1]

Population size pop size = 100
Maximum generation max gen = 100
Maximum depth max depth = 8
Reproduction probability 𝑃

𝑟
= 0.1

Crossover probability 𝑃
𝑐
= 0.85

Mutation probability 𝑃
𝑚
= 0.1

Table 4 shows the results achieved with four selected
features using the EMK-SVM classifier distinguishing stroke
patients versus healthy controls. The classification results
obtained in 0-back and 1-back tasks ranged from 75% to
91.67%. In 0-back task, the accuracy for RMS or theta band
powerwas the highest, 91.67%,while that for peak latencywas
the lowest, 78.4%. In 1-back task, the accuracy for theta band
powerwas the highest, 82.23%,while that for peak latencywas
the lowest, 75%. As mentioned above, the general classifica-
tion accuracy of 0-back task was higher than that of 1-back
task. It can be seen that theta band power is the best feature
used for the classification.

3.2. Classifier Results. Figures 4 and 5 show the classification
comparison results of 0-back and 1-back tasks between the
proposed algorithm and another two state-of-the-art algo-
rithms (QDA and LDA) with the same features. As has been
shown, the classification results based on EMK-SVM were
better than those based on QDA and LDA.

EMK-SVM based on the parameters listed in Table 1 is
performed for automatic classification of stroke patients and
healthy controls. An initial population of 100 kernel function
trees was created and then iteratively proceeded through 100
generations with the genetic operations. The initial gener-
ation consisted of highly unfit individuals. The intermedi-
ate generations contained a few somewhat fit individuals.
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Table 2: Statistical test results for 0-back and 1-back tasks with different features.

Classification tasks Features 𝐹-test 𝑡-test
𝐹 𝑃 𝑡 𝑃

0-back (SP-HC)

Peak latency 4.91 <0.05 2.22 <0.05
Peak amplitude 4.88 <0.05 2.21 <0.05

RMS 4.00 <0.05 2.43 <0.05
Theta band power 3.65 <0.05 1.91 <0.05

1-back (SP-HC)

Peak latency 3.53 <0.05 1.88 <0.05
Peak amplitude 9.00 <0.01 2.99 <0.01

RMS 7.56 <0.01 2.75 <0.01
Theta band power 4.16 <0.05 2.53 <0.05

Table 3: Statistical test results for 0-back and 1-back tasks with the multiple comparison.

Four comparison groups Features 𝐹-test Significant difference
between groups

𝐹 𝑃

0-back (SP), 0-back (HC),
1-back (SP), 1-back (HC) Peak latency 5.21 <0.01 0-back (SP) and 0-back (HC),

1-back (SP) and 1-back (HC)
0-back (SP), 0-back (HC),
1-back (SP), 1-back (HC) Peak amplitude 2.86 <0.05 0-back (SP) and 0-back (HC),

1-back (SP) and 1-back (HC)

0-back (SP), 0-back (HC),
1-back (SP), 1-back (HC) RMS 8.14 <0.01

0-back (SP) and 0-back (HC),
1-back (SP) and 1-back (HC),
0-back (SP) and 1-back (SP)

0-back (SP), 0-back (HC),
1-back (SP), 1-back (HC) Theta band power 4.25 <0.01

0-back (SP) and 0-back (HC),
1-back (SP) and 1-back (HC),
0-back (SP) and 1-back (SP)

Table 4: Classification accuracies for 0-back and 1-back tasks with different features (%).

Classification tasks Features Classification accuracies (%)

0-back (SP-HC)

Peak latency 78.40
Peak amplitude 86.70

RMS 91.67
Theta band power 91.67

1-back (SP-HC)

Peak latency 75.00
Peak amplitude 81.25

RMS 79.25
Theta band power 82.23

The final generation of each run contained at least one indi-
vidual that was effective in solving the classification problem.
The optimal kernel functions are shown in Table 5. For exam-
ple, the optimal kernel function for 0-back task classification
with theta band power feature was exp(−1.68𝐾2Poly𝐾

2

RBF),
which occured in generation 79.

4. Conclusions

In this paper, we presented the EMK-SVM algorithm for
ERP-based signal classification for stroke patients and healthy
controls with four features (i.e., P300 peak latency, P300
peak amplitude, RMS, and theta frequency band power).The
proposed method had better performance than other typical

methods (i.e., QDA and LDA). It achieved above 78.4%
accuracy for 0-back task and above 75% for 1-back task. The
statistical test results showed that the differences of selected
features were significant. Therefore, it provides a powerful
tool to assess cognitive function.

In sum, it is an effective method to implement working
memory task-based BCI based on cognitive impairment.
We applied the preprocessing algorithm combining ICA and
OEMD to extract more informative features and also applied
the recognition algorithm combining SVM and GP to dis-
cover better kernels to improve the classification accuracy.
This study provides theoretical and experimental basis of the
quantity diagnosis for cognitive impairment. It is helpful for
the intelligent identification of cognitive function and appro-
priate rehabilitation training.
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Figure 4: Accuracy comparisons of 0-back task classification.
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Figure 5: Accuracy comparisons of 1-back task classification.

Table 5: The optimal kernel functions for the classification tasks.

Classification tasks Features Optimal kernel functions Generation number

0-back (SP-HC)

Peak latency 𝐾Poly + 𝐾RBF − 1.736 73
Peak amplitude 𝐾Poly + exp (−0.351𝐾RBF) + exp (𝐾

2

RBF) 62
RMS exp (0.866) (𝐾Poly +𝐾RBF) + 𝐾

2

Poly𝐾
2

RBF 69
Theta band power exp (−1.68𝐾2Poly𝐾

2

RBF) 79

1-back (SP-HC)

Peak latency exp (−0.628𝐾RBF exp (𝐾RBF)) 59
Peak amplitude exp (−0.923𝐾RBF (𝐾Poly +𝐾RBF) exp (𝐾RBF)) 79

RMS exp (−0.598𝐾RBF (𝐾Poly +𝐾RBF)) 81
Theta band power 0.74𝐾Poly (𝐾Poly +𝐾RBF) exp (−0.446 +𝐾RBF) 62
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This paper presents a new unsupervised image segmentation method based on particle swarm optimization and scaled active
contours with shape prior. The proposed method uses particle swarm optimization over a polar coordinate system to perform
the segmentation task, increasing the searching capability on medical images with respect to different interactive segmentation
techniques. This method is used to segment the human heart and ventricular areas from datasets of computed tomography and
magnetic resonance images, where the shape prior is acquired by cardiologists, and it is utilized as the initial active contour.
Moreover, to assess the performance of the cardiac medical image segmentations obtained by the proposed method and by the
interactive techniques regarding the regions delineated by experts, a set of validation metrics has been adopted. The experimental
results are promising and suggest that the proposedmethod is capable of segmenting human heart and ventricular areas accurately,
which can significantly help cardiologists in clinical decision support.

1. Introduction

In clinical practice, magnetic resonance imaging (MRI) and
computed tomography (CT) scanning are effective and wide-
ly used methods for the diagnosis and monitoring of cardiac
disease. The process performed by a cardiologist on medical
images consists of a visual examination followed by a manual
delineation of the human organ, which can be subjective,
susceptible to errors, and time consuming. Accordingly, the
application of computational methods in order to obtain
an efficient and accurate image segmentation for clinical
decision support plays an essential role.

Automatic segmentation of human organs is an impor-
tant and challenging task in medical image analysis. In recent
years, several approaches have been reported for this purpose
such as rule optimization with region growing in pelvic
injuries [1], suppressed fuzzy c-means in brain magnetic
resonance images [2], adaptive local multiatlas in human
heart [3], graph cut in multiple human organs [4, 5] active
contour models (ACM) in lungs from magnetic resonance

images of the torso [6], intravascular ultrasound images [7],
and human prostate [8].

ACM is an energy-minimizing spline curve consisting of
a set of discrete control points known as snaxels.This spline is
attracted towards features such as edges or lines through the
evaluation of internal and external forces. ACM is prone to
stagnate in local minima and is also highly sensitive to initial-
ization because it requires to be close to the target object,
otherwise failure of convergence will occur.

Since ACM was proposed by [9], many variations have
been developed to improve these shortcomings through the
introduction of some prior knowledge such as active shape
models [10], ACM based on level set method [11], shape prior
in left ventricle [12] and cerebellum [13], registered active
shape model (RASM) in traumatic pelvic CT images [14],
and ACMwith particle swarm optimization (PSO) for womb
fibroma in supersonic images [15], where static searching
windows (size of 10× 10 or 15× 15 pixels) were dynamically
generated depending on the initial position of the interactive
control points. The performance of PSO approach is robust
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in local minima problem, and according to the tests, it pro-
vides an accurate medical image segmentation within an
appropriate executing time.

PSO is a stochastic and population-based method
inspired by the cognitive and social behavior of bird flocking
to solve optimization problems in continuous spaces [16, 17].
This computational intelligence technique consists of a set
of potential solutions known as swarm, where each potential
solution is referred to as particle. In the PSO strategy, all the
particles are guided by the best particle of the swarm, and
each particle keeps track of its best solution found through
iterations. Since being not computationally expensive and
highly efficient to solve optimization problems, PSO has
been used in a wide range of medical applications such as
hepatitis disease diagnosis [18], tumor classification [19], and
3D medical registration [20].

Although the aforementioned algorithms provide satis-
factory results regarding accuracy segmentation and noise
sensitivity, more efforts are necessary to develop clinical
decision support methods. In this paper, we introduce a
new unsupervised image segmentation method based on
particle swarm optimization and scaled active contours with
shape prior. The proposed method uses PSO over a polar
coordinate system to perform the segmentation task by
increasing the exploration and exploitation capabilities with
respect to the traditional ACM. In addition, this method
utilizes the alignment process proposed in [21] to construct
a target object template, which is used to determine the
initial positioning of the polar coordinate system. Then, the
template is scaled to a different size in order to generate
potential solutions and assuming that the target object is
confined within them. This proposed method addresses
the segmentation problem of human heart and ventricular
areas from CT and MR images, respectively. Furthermore,
to evaluate the segmentation results with respect to regions
outlined by experts and by different computational methods,
a set of validation metrics is presented.

The remainder of this paper is organized as follows. In
Section 2, we introduce the fundamentals of particle swarm
optimization and active contour model with shape prior,
along with the proposed segmentation method. The experi-
mental results are discussed in Section 3, and conclusions are
given in Section 4.

2. Materials and Methods

2.1. Overview of Particle Swarm Optimization (PSO). PSO
is an artificial intelligence algorithm proposed by [16] and
modified by [17] to solve optimization problems. PSOconsists
of a swarm of potential solutions called particles. Each
particle is viewed as a point in an 𝑁-dimensional space
𝑋
𝑖
= {𝑥
𝑖1
, 𝑥
𝑖2
, . . . , 𝑥

𝑖𝑁
}. During each iteration, every particle

moves through hyperspace to a new position according to the
following velocity equation:

V
𝑖
(𝑡 + 1)=𝜑V
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(1)

where 𝑥
𝑖
is the current particle in the time step (𝑡) and V

𝑖
(𝑡)

represents its velocity, 𝜑 is the inertia weight, 𝑟
1
, 𝑟
2
∼ 𝑈(0, 1)

where 𝑈 is a uniform distribution, 𝜅 represents the learning
factor, 𝑝

𝑏𝑒𝑠𝑡
is the best solution found by the current particle,

and 𝑝
𝑔𝑏𝑒𝑠𝑡

is the best solution found by the best particle of
the whole swarm. On the other hand, assuming that the new
velocity of the current particle has been updated, (2) is used
to compute its new position within the search space:

𝑥
𝑖
(𝑡 + 1) = 𝑥

𝑖
(𝑡) + V

𝑖
(𝑡 + 1) . (2)

According to the above description, the PSO algorithm can
be implemented through the following procedure.

(1) Establish the swarm size and randomly initialize the
position and velocity of each particle.

(2) Evaluate each particle in the fitness function in order
to update its 𝑝

𝑏𝑒𝑠𝑡
, if the new fitness is better.

(3) Find the best particle in the whole swarm and update
𝑝
𝑔𝑏𝑒𝑠𝑡

, if the fitness value found is better.
(4) Stop if the convergence criterion is satisfied (e.g.,

stability or number of iterations).
(5) Update velocity and position of all the particles using

(1) and (2), respectively, then repeat steps (2)–(5).

2.2. Active ContourModel with Shape Prior. Theconventional
active contour model is a parametric curve that is driven by
internal and external forces to minimize its energy function
[9]. In order to incorporate a shape prior constraint within
the active contour, the Chan and Vese method [11] is used,
and it is defined by using the following equation:

𝐸
𝑇

= 𝑤
1
𝐸
1
+ 𝑤
2
𝐸
2
+ 𝑤
3
𝐸
3
, (3)

where 𝐸
𝑇
is the total energy composed of the energies 𝐸

1
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and 𝐸
3
and the weighting factors of the shape energy 𝑤

1
, 𝑤
2

and 𝑤
3
. The first energy 𝐸

1
is the active contour, which can

be represented as
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(4)

whereΩ is the image domain,𝐻(⋅) is the Heaviside function,
𝐼 is the image intensity, ∇ is the gradient operator, 𝜇 and ] are
the weighting parameters of the length and area energies of
the contour, 𝜙 is a signed distance function, and 𝑐

1
and 𝑐
2
are

themean intensity of the object and background, and they are
given by the following equations:

𝑐
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𝐸
2
is the shape energy defined by the difference between the

active curve and the shape template.This energy will bemini-
mized by optimizing the transformation parameters, and it is
expressed as follows:
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where 𝜑
𝑇
represents the deformed template and 𝐵

𝑇 is defined
in a transformation matrix consisting of translation [𝑡

𝑥
, 𝑡
𝑦
]
𝑇,

scaling [𝑠], and rotation [𝜃] parameters as follows:
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where 𝑠 is a scaling factor, 𝜃 is the rotation angle parameter,
and [𝑡

𝑥
, 𝑡
𝑦
]
𝑇 are translation parameters in the horizontal and

vertical axes. Finally, the third energy term 𝐸
3
is the image-

based force, which is the difference energy, and it is computed
as

𝐸
3
= ∫

Ω

(∇𝐻 (𝜙) − ∇𝐼)
2

𝑑𝑥 𝑑𝑦. (9)

The three energies of the active contour are iteratively
evaluated, and the contour evolution terminateswhen the dif-
ference between the previous and current segmented area
becomes stable.

2.3. Proposed Image Segmentation Method. The proposed
image segmentation method consists of three main steps as
shown in Figure 1, and they are described below.

2.3.1. Shape Representation and Construction of the Aligned
Template. In order to generate a template of the target object,
a set of selected reference images is aligned, which leads to
differences in position, direction, and scale. The aim of this
step is to obtain a shape template through the alignment
of a set of manually segmented images, which contain the
human heart and ventricular areas. In Figure 2, to analyze
the alignment procedure, a training set consisting of 8 human
hearts is presented.

By using the technique developed in [21], we compute
the shape alignment by estimating the parameters [𝑎, 𝑏, 𝑠, 𝜃]𝑇
through (10), where𝑀(𝑎, 𝑏) is the 𝑥 and 𝑦 translation, 𝑠 is the
scale parameter, and 𝜃 is the rotation angle:

[

[

𝑥

𝑦

1

]

]

= 𝑀(𝑎, 𝑏) × 𝐻 (𝑠) × 𝑅 (𝜃) × [

[

𝑥

𝑦

1

]

]

. (10)

The product of the translation matrix 𝑀(𝑎, 𝑏), scaling
matrix 𝐻(𝑠), and the in-plane rotation matrix 𝑅(𝜃) maps the
coordinates (𝑥, 𝑦) ∈ R2 to coordinates (𝑥, 𝑦) ∈ R2. Following
the alignment process, the gradient descent method is used
to minimize the following energy function:

𝐸
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}

, (11)

where 𝐼 is the transformed image based on the shape param-
eters, and Ω is the image domain. The gradient of 𝐸

𝑎𝑙𝑖𝑔
in

(11) is iteratively evaluated until convergence. The alignment
results presented in Figure 3(a) are slightly different from the
training binary shapes, and in Figure 3(b), the resulting max-
imum contour after alignment presents a significant variation
regarding the maximum contour shown in Figure 2(b).

After adjusting each shape parameter, the final aligned
template is obtained by superimposing all transformed
images, and then, the maximum shape boundary is acquired.

2.3.2. Multiswarm Initialization and Numerical Optimization.
The initialization stage is performed on the resulting distance
map, where the origin of the polar coordinate system is
automatically determined by using the maximum mutual
information between the template and the current medical
image. The coordinate system divides the target object
through 𝜃 = 2𝜋/𝑔, where 𝑔 denotes the number of degrees
of each constrained polar section 𝑆. In our approach,
parameters play an important role, which are described as
follows number of scaled contours; this parameter has to
be considered assuming that the target object is confined
within the region of the initial contours. Number of control
points determines the number of polar sections in which
the target object is divided. Number of iterations is used to
obtain proper segmentation results through the evaluation of
the fitness function. Inertia weight controls the exploration
and exploitation abilities of the swarm by weighing the
previous velocity value on the new velocity and the learning
factor parameter to scale the step size of the search. The
numerical optimization is performed after the 𝑛 scaled
contours are produced and the 𝑛 control points (particles)
are generated for each constrained polar section 𝑆

𝑖
, in which

one edge sectional solution and one swarm of particles 𝑂
𝑖

must exist. PSO strategy is applied in each polar section 𝑆
𝑖

separately in order to be placed on its corresponding edge
sectional solution. All the particles are evaluated according
to the fitness function derived from the distance map, where
through iterations the best particle 𝑔𝑏𝑒𝑠𝑡 of each swarm is
updated only if a best particle is found in its constrained
search space. When the optimization process for each swarm
is finished, the resulting segmented object is acquired by
connecting the 𝑔𝑏𝑒𝑠𝑡 particle of each swarm to each other.

The proposed method presents the following advantages:
(1) the initial contours are automatically initialized according
to the shape template obtained from the alignment process;
(2) the number of discrete points can be adjusted directly
by modifying the number of polar sections through the 𝑔

parameter. Due to these advantages, the proposed method
can be extended to work with sequential CT and MR images
by just applying the maximum mutual information to repro-
duce the coordinate system on the set of images.

The procedure of the proposed image segmentation
method is described as follows.

(1) Align predefined shapes according to [21] and obtain
template after alignment.

(2) Perform maximum mutual information to initialize
coordinates (𝑥, 𝑦) of the polar coordinate system.
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Figure 1: Process of the proposed image segmentation method.

(3) Initialize degrees 𝑔 and number of snakes.
(4) Initialize the PSO parameters: number of iterations,

inertia weight, and learning factor.
(5) Generate one swarmof particles for each polar section

𝑆
𝑖
assigning the current control points as particles.

(6) For each swarm𝑂
𝑖
, initialize velocities and assign the

initial 𝑝𝑏𝑒𝑠𝑡 and 𝑔𝑏𝑒𝑠𝑡.

(a) Apply restriction of the search space to ignore
improper particles.

(b) Evaluate each particle in fitness function derived
from the distance map.

(c) Update 𝑝𝑏𝑒𝑠𝑡 and 𝑔𝑏𝑒𝑠𝑡 if better particles are
found.

(d) Apply (1) and (2), respectively.
(e) Stop if the convergence criterion is satisfied (e.g.,

stability or number of iterations), otherwise go
to step (a).

2.4. Evaluation Metrics. In order to assess the performance
of the proposed method, the maximum cardinality similarity
metric, Hausdorff distance, Jaccard, Dice, and correlation
indices have been adopted to compare the segmentation
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(a)

(b)

Figure 2: Training data: (a) eight 2D binary shape models of the human heart delineated by experts and (b) superposition of training binary
shapes and contour obtained before alignment.

(a)

(b)

Figure 3: Shape templates: (a) aligned eight 2D shape models of the human heart and (b) superposition of the aligned binary shapes and
contour obtained after alignment.

results between the regions outlined by experts and the
regions obtained by computational methods:

𝐽 (𝐴, 𝐵) =

𝐴 ∩ 𝐵

𝐴 ∪ 𝐵

, (12)

𝐷 (𝐴, 𝐵) =

2 (𝐴 ∩ 𝐵)

𝐴 + 𝐵

, (13)

𝜌 (𝐴, 𝐵) =

cov (𝐴, 𝐵)

𝜎
𝐴
𝜎
𝐵

. (14)

The Jaccard 𝐽 (𝐴, 𝐵) and Dice 𝐷 (𝐴, 𝐵) indices are com-
puted using (12) and (13), and they are used as measures
of similarity between reference (𝐴) and automatic (𝐵) seg-
mented objects [13]. If regions 𝐴 and 𝐵 are entirely over-
lapping, the obtained result is 1, and it is 0 when these two
regions are completely different. In addition, the correlation
index (14) measures the linear relationship between the
reference and automatic segmentations, and it is defined in
the range [−1,1]. A correlation of 1 means perfect positive
linear relationship, and −1 means negative linear relationship.

On the other hand, the Hausdorff distance is a metric
for shape matching in medical image segmentation, which
measures the similarity between two superimposed sets via
(15), where 𝑎 and 𝑏 are the edge pixels in sets 𝐴 and 𝐵,
respectively, and ‖𝑎 − 𝑏‖ is the Euclidean distance:

𝐻(𝐴, 𝐵) = max
𝑎∈𝐴

min
𝑏∈𝐵

‖𝑎 − 𝑏‖ . (15)

The maximum cardinality similarity metric is used in
template-matching applications with a low computational
complexity [22]. It is applied to the edge pixels of segmented
objects using (16), where TP is the number of true positives,
FN is the false negatives, and 𝑁 is the total number of pixels
in the image:

𝑅
𝑛
= (

𝑁

𝑁 − TP
)(

TP
TP + FN

−

TP
𝑁

) (16)

3. Experimental Results

In this section, we evaluate the performance of the proposed
image segmentationmethod for segmenting the human heart
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(a) (b)

(c) (d)

(e)

Figure 4:CT images (humanheart segmentation): (a)manual delineation by experts, (b) results ofGraphCutmethod, (c) results of traditional
ACM, (d) results of interactive Tseng method, and (e) results of proposed implementation.

and ventricular areas on CT and MR images, respectively.
The computational implementations were performed using
the GNU Compiler Collection (C++) version 4.4.5 running
on Debian GNU/Linux 6.0, Intel Core i3 with 2.13 Ghz and
4Gb of memory.

In Figure 4, the segmentation results on a subset of CT
images containing the human heart are presented.The whole
dataset consists of 144 CT images of size 512× 512 pixels
obtained from different patients. In Figure 4(a), the human
heart outlined by cardiologists is presented. Figure 4(b)
illustrates the segmentation results obtained through the
interactiveGraphCutmethod [5], whichwere computedwith
an average executing time of 0.185 s per image. In Graph
Cut method, the experts defined the human heart area and
the background seeds in an interactive way. In Figure 4(c)
the segmentation results by using the traditional ACM are
presented, in which the noise sensitivity and fitting problem
are shown.The ACM parameters were determined according
to the multiple objects test presented by [15] as 45 control
points, 𝛼 = 0.01, 𝛽 = 0.9, and 𝛾 = 0.05, obtaining in our test
an average executing time of 0.157 s per image. Figure 4(d)
shows the human heart segmentations obtained with the
interactive Tseng method. The parameters of this method
were determined according to [15], and they were set as 45
control points, window size as 30× 30 pixels, and 9 particles
for each swarm, given an average executing time of 0.176 s

per image. Finally, in Figure 4(e), the segmented images by
using the proposed method reveal an appropriate human
heart segmentation avoiding the local minima problem. In
this simulation, the parameters were set as number of scaled
contours = 9, number of snaxels = 45, iterations = 10, inertia
weight = 0.5, and learning factor = 0.9, obtaining an average
executing time of 0.198 s per image. In our approach, the
learning factor and inertia weight were tuned experimentally
taking into account the following two considerations: firstly,
the number of different potential solutions generated through
the iterations and secondly, by considering the number of
improper solutions in order to perform local exploitation
instead exploration [23, 24].

From the dataset of CT images described above, in
Table 1, a subset of the segmentation results is presented.
These results were obtained by comparing the regions delin-
eated by experts with the segmentation results of the Graph
Cut, ACM, Tseng method, and our proposed method. Based
on the similarity analysis, the human heart segmentation
results suggest that the proposed method can lead to more
efficiency in the presence of concavities and noise than the
comparative interactive methods.

Figure 5 presents the segmentation results on a subset of
MR images containing the human left ventricle.These images
have been extracted from a previously segmented dataset
with 23 MR images of size 512× 512 pixels. In Figure 5(a),
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(a) (b)

(c) (d)

(e)

Figure 5:MR images (left ventricle segmentation): (a)manual delineation by experts, (b) results ofGraphCutmethod, (c) results of traditional
ACM, (d) results of interactive Tseng method, and (e) results of proposed implementation.

the human left ventricle delineated by cardiologists in differ-
ent test images is presented. Figure 5(b) shows the segmenta-
tion results obtained in an average executing time of 0.166 s
by using the interactive Graph Cut method, in which experts
defined the human left ventricle area and the background
image interactively. These segmentation results cannot be
adjusted to the correct left ventricle boundary, which is
improved by the next three methods described below.
Figure 5(c) illustrates the segmentation results through the
traditional ACM, where the local minima problem is clearly
shown. The ACM parameters were adjusted according to the
medical tests presented in [15], and they were set as 35 control
points, 𝛼 = 0.013, 𝛽 = 0.845, and 𝛾 = 0.195, obtaining an
average executing time of 0.108 s per image. In Figure 5(d),
the human heart segmentation results by applying the inter-
active Tseng method are illustrated. The parameters of this
simulation were chosen according to supersonic image test
presented by [15] as 35 control points, window size as 30× 30
pixels, and 15 particles for each swarm, given an average
executing time of 0.209 s per image. Moreover, Figure 5(e)
presents the segmentation results acquired by the proposed
method. The segmented images show in a suitable way the
boundary of the human left ventricle avoiding the noise
sensitivity problem. The parameters of this experiment were
set as number of scaled contours = 7, number of snaxels = 35,
iterations = 10, inertia weight = 0.4, and learning factor = 0.7,
obtaining an average executing time of 0.169 s per image.

According to the left ventricle dataset of MR images pre-
viously described, in Table 2, the average of the segmentation
results obtained by Graph Cut, ACM, Tseng method, and
our proposed method is compared with the regions outlined

Table 2: (Left ventricle) Average similarity measure with the corre-
lation, Jaccard and Dice indices, Hausdorff distance, and the maxi-
mum cardinality similarity metric among the regions segmented by
the Graph Cut method, traditional ACM, interactive Tseng method,
our proposedmethod, and the regions outlined by experts of theMR
dataset.

Comparative Similarity measure
Studies (C) (J) (D) (H) (MCSM)
Graph Cut versus
experts 0.7169 0.4893 0.6571 12.623 0.556

ACM versus experts 0.8608 0.5909 0.7428 9.501 0.637
Tseng versus experts 0.8688 0.7500 0.8571 7.284 0.0.695
Our method versus
experts 0.8866 0.8421 0.9142 6.476 0.711

by experts. This similarity analysis shows that the proposed
methods perform the human left ventricle segmentation
accurately with respect to the other computational methods.

In Figure 6, the segmentation results on a subset of
coronal MR images containing ventricular areas are pre-
sented. These images have been extracted from a dataset
of 19 images with size 256× 256 pixels. In Figure 6(a), the
manual delineations made by experts on the ventricular area
are illustrated. Figure 6(b) presents the segmentation results
obtainedwith the interactiveGraphCut, whichwere acquired
with an average executing time of 0.192 s per image. This
method fails to fit the ventricular area boundary because of
the presence of noise. In Figure 6(c), the traditional ACM
is applied, where the segmented ventricular areas cannot fit
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Figure 6: MR images (ventricular area segmentation): (a) manual delineation by experts, (b) results of Graph Cut method, (c) results of
traditional ACM, (d) results of interactive Tseng method, and (e) results of proposed implementation.

the true boundary accurately. The ACM parameters were set
according to the medical image test introduced by [15] as
25 control points, 𝛼 = 0.013, 𝛽 = 0.845, and 𝛾 = 0.195,
obtaining in our tests an average executing time of 0.095s
per image. Consequently, in Figure 6(d), the ventricular area
segmentation results through the interactive Tseng method
are shown. The parameters of this simulation were tuned
according to the medical image test presented by [15] as 25
control points, window size as 30× 30 pixels, and 15 particles
for each swarm, given an average executing time of 0.143 s per
image. Figure 6(e) shows the segmentation results obtained
by the proposed method, where the segmented images fit
the true ventricular area boundary more accurately than
the previous computational methods. The parameters of this
simulationwere set as number of scaled contours = 7, number
of snaxels = 25, iterations = 10, inertia weight = 0.4, and
learning factor = 0.7, achieving an average executing time of
0.154 s per image.

In Table 3, the average of the previously segmented ven-
tricular areas through the Graph Cut, ACM, Tseng method,
and our proposed method is compared to the regions out-
lined by experts. The performed similarity analysis suggests
that the proposed method is more robust in ventricular
area segmentation than the other computational methods
according to the Jaccard and Dice indices with 85% and 92%,
respectively.

Segmentation results were compared with the regions
outlined by cardiologists on CT and MR images in the afore-
mentioned datasets. As shown in similarity analysis, the
proposed method is able to detect human cardiac organs
with a high accuracy and effectiveness. Moreover, it can
help cardiologists to better analyze the medical images and
increase their monitoring abilities.

4. Conclusions

We have presented a new unsupervised image segmentation
method based on particle swarm optimization and scaled

Table 3: Average similarity measure with the correlation, Jaccard
and Dice indices, Hausdorff distance, and the maximum cardinality
similarity metric among the ventricular areas segmented by the
Graph Cutmethod, traditional ACM, interactive Tsengmethod, our
proposed method, and the regions outlined by experts of the MR
dataset.

Comparative Similarity measure
Studies (C) (J) (D) (H) (MCSM)
Graph Cut versus experts 0.8027 0.5151 0.68 6.458 0.446
ACM versus experts 0.8153 0.6129 0.76 5.962 0.514
Tseng versus experts 0.8384 0.7857 0.88 3.841 0.623
Our method versus experts 0.8709 0.8518 0.92 2.781 0.706

active contours with shape prior. This method generates
different scaled contours according to the shape template
obtained from an alignment process. Then, particle swarm
optimization is used to perform the segmentation task over
constrained polar sections. This novel approach was applied
to segment the human heart and ventricular areas from
CT and MR images. In order to evaluate the segmentation
results acquired through the proposed method, correlation
and Jaccard and Dice indices were used. According to the
experimental results, the proposed method proves to be
capable of segmenting human heart and ventricular areas
accurately compared to the segmentations acquired by Grap
Cut, traditional ACM, and interactive Tseng method. In
addition, the experimental results have also shown that the
exploitation capability of the proposed method is highly
appropriate for cardiac medical image applications.
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It is widely known that morphological changes of the liver and the spleen occur during the clinical course of chronic liver diseases.
In this paper, we proposed a morphological analysis method based on statistical shape models (SSMs) of the liver and spleen for
computer-aided diagnosis and quantification of the chronic liver. We constructed not only the liver SSM but also the spleen SSM
and a joint SSM of the liver and the spleen for a morphologic analysis of the cirrhotic liver in CT images. The effective modes are
selected based on both its accumulation contribution rate and its correlation with doctor’s opinions (stage labels). We then learn
a mapping function between the selected mode and the stage of chronic liver. The mapping function was used for diagnosis and
staging of chronic liver diseases.

1. Introduction

Chronic liver disease is a major worldwide health problem.
Liver cirrhosis is a chronic liver disease that can be generally
integrated into early, middle, and late stages. The appropriate
treatment for liver cirrhosis depends strongly on the esti-
mated stage. Since the late stage cirrhosis is often associated
with an incidence of hepatocellular carcinoma, in radiology
practice, early detection is essential for investigating the cause
and slowing down the effects of cirrhosis [1]. Diagnosis and
staging of chronic liver diseases are an important issue. The
current clinical methods for detecting and staging cirrhosis
are according to histological findings from results of liver
biopsy or manually analyzing the morphological criteria on
magnetic resonance (MR) imaging. However, liver biopsy
subjects the patient to a risk of serious complications [2].The
manual analyzing process results in subjective diagnosis and
is a difficult assignment for inexperienced radiologists. Con-
sequently, researchers dedicated to develop computer-aided
diagnosis (CAD) systems to assist the cirrhosis diagnosis.
Liver tissue fibrosis is a distinctive characteristic of cirrhosis.

Lesion tissue can be distinguished by having different texture
in medical imaging. By far, all CAD schematics for cirrhosis
diagnosis are exclusively based on texture analysis of the liver.
Wang et al. [3] used the texture analyze with co-occurrence
matrix method to analyze ultrasonograms of normal or
diseased livers; although they proved that the texture analysis
can help cirrhosis diagnosis, the diagnostic accuracy was not
yet satisfied.The research group of Gifu University [4–6] and
Kayaalti et al. [7] used texture features as input; they classified
normal/cirrhotic liver by Artificial Neural Network (ANN)
and Support Vector Machine (SVM), respectively. Both of
them obtained high accuracy classification result.

However, texture analysis based methods have a major
limitation that the texture difference between each cirrhosis
stage is difficult to detect with current medical imaging
techniques. As a result of this, it is practically impossible
to estimate the proceeding stage of cirrhosis by texture
analysis. Besides the tissue fibrosis, cirrhosis has another
notable characteristic: morphological changes of the liver
occur during the clinical course of chronic liver diseases [8].
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Figure 1: Typical shapes of normal (a) and cirrhosis (b) data.

The typical CT volumes are shown in Figure 1. The normal
liver is shown in the left, and the cirrhotic liver is shown in the
right. It can been seen that the cirrhotic liver will cause the left
lobe’s hypertrophy and the right lobe’s atrophy. Though the
morphologic change of the liver can be detected on computed
tomography (CT), the visual assessment is subjective and
limited in depicting minimal changes.

The liver shape can be represented by a statistical shape
model (SSM) [9, 10]. Compared with the conventional math-
ematical shape model such as a spherical harmonic model
(SPHAM), SSM is statistically leaned from a population of
objects or organs, and it is an object (or organ) specified shape
model.The shape is constrained in its eigen subspace. To date
little research has been done on the construction of statistical
shape models of anatomical organs, such as brain [11], heart
[12], liver [13], and spleen [14].The SSM has also been applied
to automatic segmentation of medical images [15–17]. In our
previous works, we constructed a statistic shapemodel (SSM)
of the liver and shown that coefficients of the model can be
used for classification of cirrhotic livers and normal livers
[18, 19]. The classification accuracy was about 60%–80%,
which is depending on the number of training samples. In
this paper, we improve our previous work from the following
three aspects. (1) In order to improve the diagnosis accuracy
of the cirrhotic liver, we newly constructed multiple SSMs
(the liver SSM, the spleen SSM, and a joint SSM of the liver
and the spleen) for morphological analysis, which is based
on the well-known fact that the chronic liver diseases or
cirrhosis will also cause significant morphological changes
on spleen [20]. (2) The effective modes for diagnosis of the
cirrhotic liver are selected based on both its accumulation
contribution rate and its correlation with doctor’s opinion
(labels). In our previous work, we select themodes only based
on its accumulation contribution rate. (3) In our previous
work, we treated the diagnosis of the cirrhotic liver as a two-
class (normal and abnormal) classification problem. It is not
possible to estimate the proceeding stage of the cirrhotic liver.
In this paper, we use support vector regression (SVR) [21] to
learn a mapping function between the selected modes (mode
coefficients) and the stage label.Themapping function is used
to estimate the stage of the chronic liver diseases.

This paper is organized as follows. In Section 2, we
describe the construction of multiple statistical shape models
(the liver SSM, the spleen SSM, and the joint SSM). In

Section 3, we describe a mode selection method for effective
mode selection. In Section 4, we briefly introduce SVR for
the mapping function. Experimental results are presented in
Section 5. The conclusion is given in Section 6.

2. Construction of Statistical Shape Models

2.1. Preprocessing: Segmentation and Normalization. As we
mentioned in the previous section, the chronic liver diseases
or cirrhosis will cause significant morphological changes on
both liver and spleen. We constructed three statistical shape
models: the liver SSM, the spleen SSM, and the joint SSM
of the liver and the spleen. As the first preprocessing step,
both the liver and the spleen are segmented manually in CT
datasets. The segmentation is performed under the guidance
of a physician in order to obtain accurate liver shape data and
spleen shape data. Then, we randomly choose one sample as
a reference sample and perform an organ-to-organ volume
rigid registration as a data normalization step to remove the
positional and rotational difference as much as possible. The
example is shown in Figure 2.

2.2. Statistical ShapeModel Constructions. The flowcharts for
construction of the individual liver/spleen SSM and the joint
SSM are shown in Figures 3(a) and 3(b), respectively. Each
normalized organ volume (liver and spleen) is converted to
a triangulated mesh surface by the use of marching cube
algorithms [22]. Each surface contains 1000 vertex points as
shown in Figure 4. Then, we use a nonrigid point matching
method proposed by Chui and Rangarajan [23] to find the
point correspondence between all of the datasets.

The liver shape or the spleen shape is represented as a
shape vector x𝑙 or x𝑠 of three components corresponding to
coordinates (𝑥, 𝑦, 𝑧) of 1000 aligned vertex points that are
obtained as the outputs of Marching cube algorithm and
nonrigid point matching as shown in (1). For the joint SSM,
the shape vector x is represented by [x𝑙, x𝑠]𝑇. The dimensions
for the individual organ shape vector and the joint organ
shape vector are 3000 and 6000, respectively,

x𝑙 or 𝑠 = [𝑥
1
, 𝑦
1
, 𝑧
1
, 𝑥
2
, 𝑦
2
, 𝑧
2
, . . . , 𝑥

1000
, 𝑦
1000

, 𝑧
1000

]
𝑇

. (1)
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Figure 3: Flowcharts for construction of SSMs. (a) Individual liver/spleen SSM, (b) joint SSM of the liver and the spleen.

Assume𝑁 is the number of training samples.Themean shape
m and covariance matrix S are calculated as

m =

1

𝑁

𝑁

∑

𝑖=1

x
𝑖
,

S = 1

𝑁

𝑁

∑

𝑖=1

(x
𝑖
−m) (x

𝑖
−m)𝑇.

(2)

The modes of variation are found on the deviations of
samples from the mean and are represented by 𝑁 orthonor-
mal eigenvectors (variation vectors) v

𝑗
of S, which are called

as eigenshapes. The 3D shape of the liver can be represented
as a linear combination of mean shape and eigenshapes as
follows:

x = m +∑

𝑗

𝑏
𝑗
k
𝑗
, (3)
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Figure 4: Marching cube method: (a) volume data. (b) Triangulated mesh surface data.

where 𝑏
𝑗
is the coefficient or weight of the 𝑗th mode of

variation and is estimated by calculating k𝑇(x −m). It should
be noted that the main variations could be captured by only
a few top-leading modes (eigenvectors). The coefficients can
be used as a feature vector of the 3D shape for image coding
and quantitative analysis.

3. Selection of Effective Modes

It is also an important issue to select effective modes, which
control specific aspects of shape variations that are related to
the morphological changes caused by cirrhosis. In addition
to the conventional Accumulated Variance Contribution
Rate (AVCR) based mode selection, we recently proposed a
correlation based mode selection method and combine them
to select the effective modes [24].

In the correlation based mode selection, we are going
to select modes which have strong correlation with doctor’s
opinions (labeled scores). Each sample data is labeled by
doctors. The normal data is labeled as 0, and abnormal data
is labeled as 1. Since we have 44 sets of data in the training
set (25 sets of normal data, 19 sets of abnormal data), thus, we
have a label vector rwith a dimension of 44× 1.We also create
a coefficient vector for each mode. The coefficient vector for
mode 𝑖 is represented by b

𝑖
, whose dimension is also 44 × 1.

The correlation between the mode 𝑖 and the label is shown as

correlation =





r𝑇 ∗ b

𝑖







√r𝑇 ∗ r ∗ √b𝑇
𝑖
∗ b
𝑖

. (4)

In this paper, we select top 4 modes from order with a large
correlation value.

Finally, we take a product set of contribution rate
based selected modes and correlation based selected modes.
Figure 5 shows the schematic diagram of the proposed mode
selection method.

4. Mapping Function Estimation

Supposewe have training data {(b
1
, 𝑟
1
), (b
2
, 𝑟
2
), . . . , (b

𝑁
, 𝑟
𝑁
)},

b
𝑖
is the SSM coefficient vector of the 𝑖th training sample,

𝑟
𝑖
is the stage label of the 𝑖th training sample, and 𝑁 is the

number of training samples.Weuse support vector regression
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Figure 5:The schematic diagram of the selection of effectivemodes.
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Figure 6: The strategy of how to estimate the stage of a new data.

[21] to estimate the stage of the cirrhotic liver. We attempt
to calculate a function as (5) that can approximately map
the coefficients (b) of selected modes to the ground truth of
cirrhosis stage (𝑟):

𝑟 = 𝑓 (b) = ⟨w, b⟩ + 𝑎, (5)

where ⟨⋅, ⋅⟩ denotes the dot product, w and 𝑎 are function
parameters to be estimated.This mapping function will allow
us to estimate the proceeding stage of a new data. Figure 6
illustrates the proposed strategy on how to estimate the stage
of the new data.

Compared to other regression strategies, Support Vector
Regression (SVR) has the advantage of being usable under
different kernel functions and highly accuratemapping based
on parameter selection [21]. Therefore, the convex optimiza-
tion problem can be given as

minimize 1

2

‖w‖2 + 𝐶
𝑁

∑

𝑖=1

(𝜉
𝑖
+ 𝜉
∗

𝑖
) ,

subject to
{

{

{

𝑟
𝑖
− ⟨w, b

𝑖
⟩ − 𝑎 ≤ 𝜀 + 𝜉

𝑖

⟨w, b
𝑖
⟩ + 𝑎 − 𝑟

𝑖
≤ 𝜀 + 𝜉

∗

𝑖

𝜉
𝑖
, 𝜉
∗

𝑖
≥ 0,

(6)

where𝐶 is a positive constant and 𝜉
𝑖
and 𝜉∗
𝑖
are slack variables.
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Equation (6) can be reformulated into a duel problem:

maximize

{
{
{
{
{

{
{
{
{
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−
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, 𝛼
∗
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∈ [0, 𝐶] ,

(7)

where 𝛼 and 𝛼∗ are Lagrange multipliers and 𝑘(b
𝑖
, b) is the

kernel function. The Gaussian kernel function is used in
this paper for a nonlinear mapping. The obtained mapping
function can be written as

𝑓 (b) =
𝑙

∑

𝑖=1

(𝛼
𝑖
− 𝛼
∗

𝑖
) 𝑘 (b
𝑖
, b) + 𝑎. (8)

By (8), we are able to estimate the proceeding stage of a
new data with a coefficient vector of b.

5. Experimental Results

We used 44 clinical CT datasets (25 normal data and 19
cirrhotic liver data) for this research. Among 19 cirrhotic data,
10 cirrhotic data are labeled with stages. The number and

Table 1: The labeled data used for SVR based stage estimation
experiments.

Normal Early stage Middle and late stages
Stage label 0 1 2
Number 25 8 2

labels for each stage are shown in Table 1. We did both two-
class (normal and abnormal) classification experiments and
SVR based stage estimation experiments. We use all the 44
data for classification experiments and the labeled 35 data as
shown in Table 1 for SVR based stage estimation experiments.
We performed leave-one-out experiments to validate the
effectiveness of our method. Both the two-class (normal and
abnormal) classification experiment and the SVR based stage
estimation experiment are done.The flow of our experiments
is shown in Figure 7.

In the training phase, we constructed three SSMs: the liver
SSM, the spleen SSM, and the joint SSM of the liver and the
spleen from training data set. Based on our proposed mode
selection method described in previous section, we select
one mode from each SSM, respectively. Totally, three modes
are selected. The shape variations of the selected modes are
shown in Figure 8.The coefficients of the selected modes and
the stage label are used for SVR training.



6 Computational and Mathematical Methods in Medicine

Spleen

Mean

Liver

Joint

−3SD +3SD

Figure 8: Visualized shape variations controlled by selected modes.

0
10
20
30
40
50
60
70
80
90

100

Our method Comparison
method

Previous
method

Texture based
method

Normal
Abnormal

Figure 9: Comparison of classification accuracy among four differ-
ent methods.

In the test phase, the test data is projected to selected
modes. Their coefficients are used as features. In the two-
class classification experiments, we used the simple Nearest
Neighbor (NN) algorithm to classify all 44 sets of data. In
the stage estimation experiments, we used SVR as a model
of the mapping function as described in Section 4. In order
to make a comparison, we performed both classification and
stage estimation experiments with three approaches. The
first approach is the same as our previous method [18, 19].
Only the liver SSM is used, and the mode (feature) selection
is based on conventional AVCR. The second approach is
a comparison method. The model is only the liver SSM
just like our previous method (the 1st approach), but the
proposed mode selection method described in Section 3 is
used. The third approach is our proposed method in this
paper. Multiple SSMs are used for morphological analysis
with our proposed mode selection method.

The comparison of classification accuracy among three
approaches (our method, comparison method, and previous
method) is shown in Figure 9. It can be seen that the classifi-
cation accuracy for both normal livers and abnormal livers
(cirrhotic livers) is significantly improved by our proposed
multiple SSMs method and the mode selection method. The
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Figure 11: The mean score and variance of estimated results.

classification accuracies are 88% and 90% for normal and
abnormal livers, respectively.

We also compared our method with texture based
method. The mean and variance of the intensity histogram
are used as features of texture.The classification accuracies of
the texture based method are only 66% and 60% for normal
and abnormal livers, respectively, which are also shown in
Figure 9.

We also applied leave-one-out cross-validation for stage
estimation using the labeled 35 data shown in Table 1. The
preliminary results are shown in Figure 10. The horizontal
axis represents the ground truth stage of tested data. The
vertical axis represents the estimated scores using SVR.

As shown in Figure 10, there was one early stage data that
was misclassified as normal. For the misclassified early stage
case, it has very similar shape feature as normal data. Unable
to handle such extreme cases is the limitation of our complete
shape analysis based method. We also can notice a tiny
overlap between estimated results of normal and early stage
data. Besides these two defections, our method established
considerably promising result on differentiating normal and
cirrhotic data.
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Due to the data limitation,we only have two sets ofmiddle
and late stage data tested. One middle stage data can be
easily distinguished from the early stage ones.The other case’s
score is lower than two early stage cases’ scores. However,
from the mean score and variance of estimated results which
are shown in Figure 11, we can clearly observe an increment
from normal to early stage and early stage to middle stage.
This result validates the potential of our morphological
analysis and machine learning based method on estimating
the proceeding stage of the chronic liver diseases.

6. Conclusions

We developed a multiorgan based morphological analy-
sis method combined with a machine learning regression
method to assist liver cirrhosis diagnosis and quantifica-
tion. Our method can not only achieve an accurate nor-
mal/abnormal classification but also can estimate the pro-
ceeding stage of cirrhotic cases. We constructed three SSMs
(the liver SSM, the spleen SSM, and the joint SSM of the
liver and the spleen) for morphologic analysis of cirrhotic
livers. Compared with the use of conventional single liver
SSM, the classification accuracy is improved by the use of
multiple SSMs for both normal and cirrhotic livers. We
also proposed a mode selection method, which is based
on both its accumulated variance contribution rate (AVCR)
and its correlation with doctor’s label scores. Compared
with the conventional AVCR based method, our proposed
method can also improve the classification accuracy for both
normal and cirrhotic livers. The classification accuracies for
normal and cirrhotic livers are 88% and 90%, respectively.
We estimated the mapping function between the selected
modes and the stage labels by using SVR. The proceeding
stage of the cirrhotic liver can be estimated by the mapping
function. Preliminary results validated the potential of our
method. However, there are still several issues we want
to address in the future. The first issue is to increase the
number of the training samples, especially the number of
middle and late stage data. The second issue is we mixed
normal and abnormal data for computing the PCA. When
we have more data, we will try to treat the positive and
negative data separately to derivemore discriminativemodes.
The third issue is that although we obtained considerably
satisfying results, from a pathological point of view, it is
highly recommended to combine both shape and texture
analysis [25] to assist the diagnosis. Development of an
automated method for the liver and the spleen segmentation
is necessary for future automated CAD systems, and the
development is under way [26]. In addition, our multiorgan-
based statistical shape analysismethod can be applied to assist
the diagnosis of other diseases related to shape deformation.
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Physiological signals often show complex fluctuation (CF) under the dual influence of temporal and spatial scales, and CF can be
used to assess the health of physiologic systems in the human body.This study applied multiscale cross-approximate entropy (MC-
ApEn) to quantify the complex fluctuation between R-R intervals series and photoplethysmography amplitude series. All subjects
were then divided into the following two groups: healthy upper middle-aged subjects (Group 1, age range: 41–80 years, 𝑛 = 27)
and upper middle-aged subjects with type 2 diabetes (Group 2, age range: 41–80 years, 𝑛 = 24). There are significant differences of
heart rate variability, LHR, between Groups 1 and 2 (1.94 ± 1.21 versus 1.32 ± 1.00, 𝑃 = 0.031). Results demonstrated differences
in sum of large scale MC-ApEn (MC-ApEnLS) (5.32 ± 0.50 versus 4.74 ± 0.78, 𝑃 = 0.003). This parameter has a good agreement
with pulse-pulse interval and pulse amplitude ratio (PAR), a simplified assessment for baroreflex activity. In conclusion, this study
employed theMC-ApEnmethod, integrating multiple temporal and spatial scales, to quantify the complex interaction between the
two physical signals. TheMC-ApEnLS parameter could accurately reflect disease process in diabetics and might be another way for
assessing the autonomic nerve function.

1. Introduction

Under the influences of temporal and spatial scales, physio-
logical signals often show complex fluctuation (CF) [1, 2].The
reduced CF is frequently found in the aged or diseased. This
finding indicates that decreased adaptability of physiologic
systems is an aging or pathological phenomenon [1]. There
are several traditional entropy-based assessments, such as
approximate entropy (ApEn), sample entropy (SampEn),
Shannon entropy, and Kolmogorov-Sinai (KS) entropy, used
to quantify the complexity of a single physiological signal
[3]. Koskinen et al. [4] used ApEn to analyze the electroen-
cephalographic (EEG) signals of anesthetized subjects. The
results showed that EEG signals were more complex when
the subject were in a conscious state than when they were
in an unconscious state. Alcaraz and Rieta [5] used SampEn
to analyse the electrocardiographic (ECG) recordings of

patientswith atrial fibrillation (AF).The results demonstrated
a gradual decrease in the CF of ECG signals 60 minutes prior
to the onset of AF. However, homeostasis of an organism
is the dynamic balance of multiple physiological systems.
Simultaneous assessment of complex multimodal signals is
approaching the real physiological phenomena andmay offer
amore sensitive detection for aging or pathological processes.
For example, cardiopulmonary coupling, by measuring the
interaction between ECG R-R interval (RRI) and respiratory
time series, has decreased in the untreated patients with
major depression as compared with that in the treated
subjects [6]. Cross-approximate entropy (C-ApEn) [6–11] can
be used more effectively to analyze the complex interaction
between two simultaneous physiological signals [12].

With regard to multiple temporal scales, physiological
signals are affected differently by the environment at different
points in time [1]. Analysis of the complexity of physiologic
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systems should not be limited to a single scale, because
results under different temporal scales may provide varying
but equally valuable physiological data. Multiple temporal
scales should be applied when analysing the complexity of
physiological signals [13]. Previous studies have proposed
methods of integratingmultiscale analysis into themultiscale
entropy (MSE) of SampEn to evaluate the CF of physiological
signals under various temporal scales [14–17].

We have used a multiscale cross-approximate entropy
(MC-ApEn) method to assess two physiological signals, RRI
and pulse transit time, simultaneously, and examine the
effects of multiple temporal and spatial scales. It clearly
demonstrates a reduction of complexity of these two signals
among the aged and diabetic [13]. In this study, we used
MC-ApEn to quantify the complex interaction between other
physiological signals (RRI series and photoplethysmography
amplitude series, PPGA), in order to differentiate physical
well-being between upper middle-aged diabetes and age-
matched controls.

2. Methods

2.1. Subject Populations and Experiment Procedure. Between
July 2009 and March 2012, a total of 51 volunteers were
recruited for this study. All diabetic subjects were enrolled
from the Hualien Hospital Diabetic Outpatient Clinic;
healthy controls were recruited from a health examination
program at the same hospital. All subjects were then divided
into the following two groups: healthy upper middle-aged
subjects (Group 1, age range: 41–80 years, 𝑛 = 27) and
upper middle-aged subjects with type 2 diabetes (Group 2,
age range: 41–80 years, 𝑛 = 24). None of the healthy subjects
had personal or family history of cardiovascular diseases.
Type 2 diabetes was diagnosed as either fasting sugar higher
than 126mg/dL or HbA1c ≧ 6.5%. All diabetic subjects had
been receiving regular treatment and follow-up care in the
clinic formore than two years.This studywas approved by the
Institutional Review Board of Hualien Hospital and National
Dong Hwa University. All subjects refrained from caffeinated
beverages and theophylline-containing medications for 8
hours prior to the hospital visit. Each subject gave informed
consent, completed questionnaires on demographic data and
medical history, and underwent blood sampling prior to
data acquisition. The blood tests were administered to each
subject including glycosylated hemoglobin (HbA1c), fasting
blood sugar, high-density lipoprotein (HDL), low-density
lipoprotein (LDL), triglyceride, and cholesterol. All subjects
were permitted to rest in a supine position in a quiet,
temperature-controlled room at 25 ± 1∘C for 5 minutes prior
to subsequent 30-minute measurements. Blood pressure was
obtained once from the left arm of supine subjects using an
automated oscillometric device (BP3AG1, Microlife, Taiwan)
with a cuff of appropriate size, followed by the acquisition
of waveform data from the index finger using a six-channel
electrocardiogram-based pulse wave velocity measurement
system as previously described [18, 19].

ECG

RRI(1) RRI(2) RRI(n)

PPG
PPGA

(1)

PPGA
(2) PPGA

(n)

· · ·

· · ·

Figure 1: 1000 consecutive data points from ECG signals and PPG
signals.

2.2. Data Acquisition. Digital volume pulse signals of PPG
were acquired by an infrared sensor and attached to left index
finger.The pulse signals were transmitted to two-order band-
pass filter at frequency of 0.48 to 10Hz and a low-pass filter
at frequencies of 10Hz. The ECG signals were acquired in
lead II and transmitted to a notch filter set at 59 to 61Hz
and a band-pass filter at frequencies of 0.98 to 19.4Hz. In
order to store and analyze the PPG and ECG signals, a USB-
6009 DAQ (National Instruments, Austin, TX, USA) was
used for converting these two signals to digital signals and
transmitting them to a personal computer at frequency of
500Hz. In the end, we used LabVIEW 8.6 software (National
Instruments, Austin, TX, USA) tomonitor the ECG and PPG
signals simultaneously.

2.3. The Measurement of RRI and PPGA Series. For the PPG
signals, the potential difference between the peak and the
valley, which was prior to the peak, was defined as the pulse
amplitude of PPG signals. The time difference between the
two continous peaks of ECG R wave was defined as RRI(𝑖),
and the amplitude difference of each PPG pulse wave was
defined as PPGA(𝑗), as shown in Figure 1. The data length
of the series in this study was set at 𝑛 = 1000.

2.4. Data Detrending and Normalization. Due to a trend
within physiological signals [1, 20], nonzero means may be
included; therefore, we used empirical mode decomposition
(EMD) [21] to deconstruct the RRI(𝑖) and PPGA(𝑗) series,
thereby eliminating the trend from the original series. We
then normalized the RRI(𝑖) and PPGA(𝑗) series for 1000
consecutive data points, as shown in the following:

nRRI (𝑖) = RRI (𝑖) − RRI
SDRRI

,

nPPGA (𝑗) =
PPGA (𝑗) − PPGA

SDPPGA
.

(1)

In these equations, SDRRI and SDPPGA represent the stan-
dard deviations of 1000 data points of RRI(𝑖) and PPGA(𝑗),
respectively. Also, RRI and PPGA represent the mean of 1000
data points of series RRI and PPGA, respectively. Complexity
analysis was performed on the normalized results, nRRI(𝑖)
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and nPPGA(𝑗).The 𝑖 and 𝑗 represent the 𝑖th point of the nRRI
series and the 𝑗th point of the nPPGA series, respectively.

2.5. Multiple Spatial Scale Analysis Used in C-ApEn. Previous
studies [10, 22] have used C-ApEn, an improved analysis
method of approximate entropy, to analyze two synchronous
physiological time series, define their relationship, and cal-
culate the complexity within that relationship [23, 24]. This
method utilizes the dynamic changes between the two series
to evaluate the physiological system. Similarities between
changes in the two series can be used to observe the
regulatorymechanisms in the physiological system. To obtain
a deeper understanding of the complexity of the physiological
system, we utilized nRRI and nPPGA series to calculate the
C-ApEn, using (6). The details of the whole algorithm are as
follows [25].

Step 1. For given𝑚, for two sets of𝑚-vectors,

x (𝑖) ≡ [nRRI (𝑖) nRRI (𝑖 + 1) ⋅ ⋅ ⋅ nRRI (𝑖 +m − 1)] ,

1 ≤ 𝑖 ≤ N −m + 1, 𝑖 ∈ N,

y (𝑗)

≡[nPPGA (𝑗) nPPGA (𝑗 + 1) ⋅ ⋅ ⋅ nPPGA (𝑗 +m − 1)] ,

1 ≤ 𝑗 ≤ N −m + 1, 𝑗 ∈ N.
(2)

Step 2. Define the distance between the vectors x(𝑖) and y(𝑗)
as the maximum absolute difference between their corre-
sponding elements as follows:

𝑑 [x (𝑖) , y (𝑗)]

=

mmax
𝑘=1

[




nRRI (𝑖 + 𝑘 − 1) − nPPGA (𝑗 + 𝑘 − 1)





] .

(3)

Step 3. With the given x(𝑖), find the value of 𝑑[x(𝑖), y(𝑗)]
(where 𝑗 = 1 to𝑁 − 𝑚 + 1) that is smaller than or equal to 𝑟
and the ratio of this number to the total number of𝑚-vectors
(𝑁 − 𝑚 + 1). That is, let 𝑁𝑚nRRI nPPGA(𝑖) equal the number of
y(𝑗) satisfying the requirement 𝑑[x(𝑖), y(𝑗)] ≦ 𝑟; then

𝐶
𝑚

nRRI nPPGA (𝑖) =
𝑁
𝑚

nRRI nPPGA (𝑖)

𝑁 − 𝑚 + 1

. (4)

𝐶
𝑚

nRRI nPPGA(𝑖)measures the frequency of the𝑚-point nPPGA
pattern being similar (within a tolerance of±𝑟) to the𝑚-point
nRRI pattern formed by x(𝑖).

Step 4. Average the logarithm of 𝐶𝑚nRRI nPPGA(𝑖) over 𝑖 to
obtain 𝜙𝑚nRRI nPPGA(𝑟) as follows:

𝜙
𝑚

nRRI nPPGA (𝑟) =
1

𝑁 − 𝑚 + 1

𝑁−𝑚+1

∑

𝑖=1

ln𝐶𝑚nRRI nPPGA (𝑖) . (5)

Step 5. Increase 𝑚 by 1 and repeat Steps 1–4 to obtain
𝐶
𝑚+1

nRRI nPPGA(𝑖), and 𝜙
𝑚+1

nRRI nPPGA(𝑟).

Step 6. Finally, take C-ApEnnRRI nPPGA(𝑚, 𝑟) = lim
𝑁→∞

[𝜙
𝑚

nRRI nPPGA(𝑟) − 𝜙
𝑚+1

nRRI nPPGA(𝑟)] for ideal case. For 𝑁-point
data, the estimate is

C-ApEnnRRI nPPGA (𝑁,𝑚, 𝑟)

= 𝜙
𝑚

nRRI nPPGA (𝑟) − 𝜙
𝑚+1

nRRI nPPGA (𝑟) ,
(6)

where𝑚 represents the chosen vector dimension, 𝑟 represents
a tolerance range, and 𝑁 is the data length. From Pincus’s
publication [26] to effectively distinguish two data series by
cross-approximate entropy, it would be better to set 𝑁 ≧

1000, 𝑚 ≧ 2, and 𝑟 ≧ 0.1. To ensure efficiency and accuracy of
calculation, the parameters of this studywere set at𝑁 = 1000,
𝑚 = 2, and 𝑟 = 0.15.

2.6. Multiple Temporal Scale Analysis Used in MC-ApEn.
Multiple analysis involves the use of a scale factor 𝜏 (𝜏 =

1, 2, 3, . . . , 𝑛), which is selected according to a 1-D series of
consecutive cycles. This factor enables the application of a
coarse-graining process capable of deriving a new series prior
to the calculation of entropy in each new individual series
[14]. Using this approach, we performed coarse-graining on
the normalized 1-D consecutive cycles of the nRRI(𝑖) and
nPPGA(𝑗) series based on scale factor 𝜏, thereby obtaining
the series nRRI(𝑖) and nPPGA(𝑗) as shown in (7). We then
calculated as follows:

nRRI(𝑢)(𝜏) = 1

𝜏

𝑢𝜏

∑

𝑖=(𝑢−1)𝜏+1

nRRI (𝑖) , 1 ≤ 𝑢 ≤

1000

𝜏

, 𝑢 ∈ 𝑁,

nPPGA(𝑢)(𝜏)

=

1

𝜏

𝑢𝜏

∑

𝑗=(𝑢−1)𝜏+1

nPPGA (𝑗) , 1 ≤ 𝑢 ≤

1000

𝜏

, 𝑢 ∈ 𝑁.

(7)

Repeat Steps 1–6 to calculate MC-ApEn index in scales
2–6. The values of C-ApEnnRRI nPPGA(𝜏) were obtained from
a range of scale factors between 1 and 6 using the MC-
ApEn data analysis method. The summation values of
C-ApEnnRRI nPPGA(𝜏) between scale factors 1 and 3 were
defined as small scale; those between scale factors 4 and 6
were defined as large scale [27]. The sum of C-ApEn between
scale factors 1 and 3 was defined as MC-ApEnSS in (8),
while the sum of C-ApEn between scale factors 4 and 6 was
defined as MC-ApEnLS in (9). Defining and calculating these
two indices of multiscale cross-approximate entropy enable
the assessment and quantification of complexity in RRI and
PPGA between different scale factors as follows:

MC-ApEnSS =
3

∑

𝜏=1

C-ApEnnRRI nPPGA (𝜏) , (8)

MC-ApEnLS =
6

∑

𝜏=4

C-ApEnnRRI nPPGA (𝜏) . (9)

2.7. MSE of RRI and PPGA Series. To assess the complexity of
RRI and PPGA series, sample entropywas used formultiscale
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analysis in six scales [16]. The results of sample entropy
between scale factors 1 and 3 were defined as small scale (SS),
and those between scale factors 4 and 6 were defined as large
scale (LS). The sum of MSE in small scale of RRI and PPGA
series was defined asMSERRI, SS andMSEPPGA, SS, respectively.
Similarly, the sum of MSE in large scale of RRI and PPGA
series was defined asMSERRI, LS andMSEPPGA, LS, respectively.

2.8. Analysis of Conventional Heart Rate Variability. Through
applying frequency domain analysis of R-R interval series
by fast Fourier transform, heart rate variability (HRV) was
used for assessing autonomic function in this study. A low-
frequency power (LFP) was defined as the total power
between the frequencies at range of 0.04 to 0.15Hz; also
a high frequency power (HFP) was defined as the total
power between the frequencies at range of 0.15 to 0.4Hz.
Furthermore, the ratio of LFP to HFP was defined as LHR
(the LFP/HFP ratio), a useful indicator of cardiac autonomic
function.

2.9. Pulse-Pulse Interval and Amplitude Ratio (PAR). Using
half of the maximal value during the measurement as the
low threshold, we applied the first derivative equal to zero
as the local maximum of each PPG pulse signal, which we
regarded as the peak of each PPG pulse wave. Then, PPI was
defined as the time interval between two adjacent peaks of
the PPG signals. PARwasmeasured by spontaneous sequence
technique as our previous publication [28]. The correlation
coefficient of nRRI(𝑖), and nPPGA(𝑗) was defined as 𝑅. We
derived𝑅 value for the number of sets of the three consecutive
increasing nRRI(𝑖) and nPPGA(𝑗), and calculated the slope
of each set through the whole data points. The PAR was
calculated as the mean of all the slopes, while 𝑅 value was
bigger than 0.9.

2.10. Statistical Analysis. Average values were expressed as
mean± SD. Significant differences in anthropometric, hemo-
dynamic, and computational parameters (i.e., MSE(RRI),
MSE(PPGA), MC-ApEnLS, andMC-ApEnSS) between differ-
ent groups were determined using an independent sample
𝑡-test, when the analysis data were normally distributed,
and if the analysis data were not normally distributed, we
used the nonparametric Mann-Whitney 𝑈 test. To assess the
agreement of the MC-ApEn and the PAR, we adopted the
Bland-Altman method [29] to measure agreement between
the two parameters. Statistical package for the social science
(SPSS, version 14.0 for Windows) was used for all statistical
analysis. A 𝑃 value less than 0.05 was considered statistically
significant.

3. Results

3.1. Demographic Data and Blood Biochemical Parameters
between the Two Groups. To control the effect of age, we
recruited healthy subjects at upper-middle age (Group 1) and
age-matched diabetics (Group 2). Table 1 presents significant
differences in physical parameters, such as waist circumfer-
ence (85.89±10.40 versus 94.17±12.27, 𝑃 = 0.012) and pulse

Table 1: Comparisons of demographic, anthropometric, and serum
biochemical parameters between Group 1 and Group 2.

Parameters

Group 1
(𝑛 = 27)
(male: 12,
female: 15)

Group 2
(𝑛 = 24)
(male: 13,
female: 11)

P value

Age, year 54.96 ± 8.75 57.71 ± 7.50 𝑃 = 0.079

BMI, kg/m2
25.73 ± 3.71 27.56 ± 5.09 𝑃 = 0.145

WC, cm 85.89 ± 10.40 94.17 ± 12.27 P = 0.012
SBP, mmHg 119.52 ± 14.70 126.71 ± 16.62 𝑃 = 0.108

DBP, mmHg 76.59 ± 10.18 75.83 ± 9.51 𝑃 = 0.785

PP, mmHg 42.93 ± 10.37 50.88 ± 13.53 P = 0.022
HbA1c, % 5.88 ± 0.33 9.09 ± 1.84 P < 0.001
FBS, mg/dL 99.07 ± 15.85 167.21 ± 56.67 P < 0.001
LDL, mg/dL 124.22 ± 28.90 121.33 ± 31.55 𝑃 = 0.308

HDL, mg/dL 50.48 ± 19.84 42.83 ± 15.78 𝑃 = 0.122

Cholesterol,
mg/dL 208.81 ± 36.36 199.75 ± 47.95 𝑃 = 0.177

Triglyceride,
mg/dL 126.11 ± 97.72 164.96±107.41 𝑃 = 0.113

Group 1: healthy upper middle-aged subjects. Group 2: upper middle-aged
subjectswith type 2 diabetes. BMI: bodymass index. SBP: systolic blood pres-
sure. DBP: diastolic blood pressure. PP: pulse pressure. HbA1c: glycosylated
hemoglobin. FBS: fasting blood sugar. LDL: low-density lipoprotein. HDL:
high-density lipoprotein. WC: waist circumference.

pressure (42.93 ± 10.37 versus 50.88 ± 13.53, 𝑃 = 0.022), and
biochemical parameters including HbA1c (5.88 ± 0.33 versus
9.09±1.84, 𝑃 < 0.001) and fasting blood sugar (99.07±15.85
versus 167.21 ± 56.67, 𝑃 < 0.001), between the two groups.

3.2. Result of Multiscale Cross-Approximate Entropy Analysis
for RRI and PPGA Series in Six Scales. Theresult ofmultiscale
cross-approximate entropy analysis by using RRI and PPGA
series, shown in Figure 2, represents significant differences
between Groups 1 and 2 in scale factors 4 to 6.

3.3. Comparisons of the Complexity of Physiological Series,
PAR, and HRV between Groups 1 and 2 and Agreement
between PAR and 𝑀𝐶-𝐴𝑝𝐸𝑛

𝐿𝑆
. In Table 2, there are signif-

icant differences in MSERRI, LS (5.28 ± 0.47 versus 4.85 ± 0.88,
𝑃 = 0.038), MSEPPGA, LS (4.65 ± 0.95 versus 3.93 ± 1.19, 𝑃 =

0.017), and MC-ApEnLS (5.32 ± 0.50 versus 4.74 ± 0.78, 𝑃 =

0.003). Moreover, significant different PAR exists between
Groups 1 and 2 (0.46 ± 0.14 versus 0.34 ± 0.10, 𝑃 = 0.006).
In addition, result of HRV analysis showed the difference
in LHR (1.94 ± 1.21 versus 1.32 ± 1.00, 𝑃 = 0.031), LFP
(311.66 ± 274.85 versus 100.87 ± 95.96, 𝑃 < 0.001), and HFP
(206.50 ± 184.93 versus 126.02 ± 148.70, 𝑃 = 0.024). Figure 3
demonstrates a good agreement between MC-ApEnLS and
PAR after normalizing both parameters.

4. Discussion

Table 1 demonstrates that the diabetics had larger waist
circumference, higher pulse pressure, and glycosylated
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Figure 2: Result of multiscale cross-approximate entropy analysis
for RRI and PPGA series in six scales.
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Figure 3: The Bland-Altman plot of normalized PAR and
MC-ApEnLS.

hemoglobin as compared with the healthy controls. We
supposed that these diabetic patients should have higher
risk of autonomic neuropathy [30] and arterial stiffness and
lower complexity [16]. There are significant differences in all
HRV parameters (LHR, LFP, and HFP) between these two
groups (Table 2). It is similar to the findings about diabetic
autonomic neuropathy [30]. Meanwhile, the assessments of
arterial baroreflex, PAR, and MC-ApEnLS are also different
between the diabetic and healthy subjects. Previous studies
have never shown decreased baroreflex activity in the dia-
betics [31]. Interestingly, multiscale entropy analysis of RRI
and PPGA series shows significant differences of these two
parameters at large scale but not at small scale between these
two groups. It may suggest that diabetes mellitus decreases
heart rate variability and oscillation of blood pressure [31].
Therefore, adaptive analysis of a single physiological signal
with regard to multiple temporal scale can offer a more
sensitive measurement to detect disease process than the
traditional analyses do.

ECG and infrared digital pulse signals are frequently
referred to as clinical applications. However, according to
recent research [1, 2], the dual impacts of multiple temporal
and spatial scales causing CF in physiological signals are

Table 2: Comparison of MC-ApEn, MSE, PAR, and HRV between
Groups 1 and 2.

Parameter Group 1 Group 2 P value
MC-ApEnSS 5.18 ± 0.59 5.22 ± 1.02 𝑃 = 0.869

MC-ApEnLS 5.32 ± 0.50 4.74 ± 0.78 P = 0.003
MSERRI, SS 5.17 ± 0.48 5.11 ± 1.08 𝑃 = 0.509

MSERRI, LS 5.28 ± 0.47 4.85 ± 0.88 P = 0.038
MSEPPGA, SS 4.14 ± 1.09 4.03 ± 1.21 𝑃 = 0.664

MSEPPGA, LS 4.65 ± 0.95 3.93 ± 1.19 P = 0.017
PAR 0.46 ± 0.14 0.34 ± 0.10 P = 0.006
LHR 1.94 ± 1.21 1.32 ± 1.00 P = 0.031
LFP 311.66 ± 274.85 100.87 ± 95.96 P < 0.001
HFP 206.50 ± 184.93 126.02 ± 148.70 P = 0.024
Group 1: healthy upper middle-aged subjects. Group 2: upper middle-
aged subjects with type 2 diabetes. MC-ApEn: multiscale cross-approximate
entropy. MSE: multiscale entropy. RRI: R-R intervals. PPGA: photoplethys-
mography amplitude. SS: small scale (the sum of the algorithm between scale
factors 1–3). LS: large scale (the sum of the algorithm between Scale factors
4–6). PAR: pulse-pulse interval and amplitude ratio. LHR: low-frequency-
power/high-frequency power ratio. LFP: low-frequency power. HFP: high-
frequency power.

always ignored in clinical work. In this study, we used
the MC-ApEn method which considers the effect of mul-
tiple temporal and spatial scales when evaluating complex
interaction between the RRI series and the PPGA series.
Arterial baroreflex plays a key role in the homeostasis of
blood pressure. It provides a negative feedback loop from
the baroreceptors in the aortic arch and carotid sinuses
to the brainstem. Elevated blood pressure stimulates the
baroreceptors to increase parasympathetic activity and then
slows the heart rate [32, 33]. Based on this physiological
phenomenon, baroreflex sensitivity (BRS) has been quan-
tified as the relationship between the increment of systolic
blood pressure (SBP) and the change of interbeat intervals
of the heart, which could indicate autonomic innervation of
the heart. Previous study [34] showed a time lag of about 5
beats between increasing blood pressure and prolongation of
RRI. In the result of MC-ApEn analysis, there is also a great
difference betweenGroups 1 and 2 in the scales 4–6 (Figure 2).

Recently, we proposed a simplified method to quantify
the relationship between amplitude of pulse wave and pulse-
pulse-interval by spontaneous sequence technique, namely,
PAR. The new parameter can be used to detect early cardiac
autonomic neuropathy of the diabetic subjects [28]. In fact,
the relation between RRI and PPGA series in MC-ApEnLS
might be similar to the relation between PPI and pulse
amplitude, PAR, and also the relationship between PPI and
oscillation measured by conventional instruments such as
Finapres [35, 36]. Through Bland-Altman analysis, we found
a good agreement between PAR and MC-ApEnLS (Figure 3).
So, perhaps MC-ApEnLS would be an effective parameter to
evaluate baroreflex activity.

The current study suffers from a limitation. A lengthy
process of data acquisition and considerable calculation and
off-line processing are needed for MC-ApEn analysis as
opposed to the relatively shorter duration measurement of



6 Computational and Mathematical Methods in Medicine

BRS by conventional method or by our previously proposed
PAR. However, MC-ApEn offers another measurement of
dual interaction of blood pressure and R-R intervals in a
longer period, whichwould bemore consistent than the other
twomeasurements do. Further pharmacological tests or long-
term clinical cohort studies may provide more information
for future clinical applications.

5. Conclusion

In conclusion, this study employed the MC-ApEn method,
which integrates multiple temporal and spatial scales, to
quantify the complex interaction between RRI and PPGA
series. This new parameter has a good agreement with a sim-
plified measurement of baroreflex activities, PAR. According
to our results,MC-ApEn could be used as a usefulmethod for
assessing autonomic nerve function.
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Breast cancer mostly arises from the glandular (dense) region of the breast. Consequently, breast density has been found to be a
strong indicator for breast cancer risk.Therefore, there is a need to develop a systemwhich can segment or classify dense breast areas.
In a dense breast, the sensitivity of mammography for the early detection of breast cancer is reduced. It is difficult to detect a mass
in a breast that is dense. Therefore, a computerized method to separate the existence of a mass from the glandular tissues becomes
an important task. Moreover, if the segmentation results provide more precise demarcation enabling the visualization of the breast
anatomical regions, it could also assist in the detection of architectural distortion or asymmetry. This study attempts to segment
the dense areas of the breast and the existence of a mass and to visualize other breast regions (skin-air interface, uncompressed
fat, compressed fat, and glandular) in a system. The graph cuts (GC) segmentation technique is proposed. Multiselection of seed
labels has been chosen to provide the hard constraint for segmentation of the different parts. The results are promising. A strong
correlation (𝑟 = 0.93) was observed between the segmented dense breast areas detected and radiological ground truth.

1. Introduction

Breast cancer is the most frequently diagnosed cancer (about
23% (1.38million) of total cancer cases) and the leading cause
of cancer deaths amongst females worldwide (14% (458,400)
of total cancer deaths), in 2008 alone [1]. One of the reasons
for the increase in incidences and mortality rate of breast
cancer is due to the lack of awareness of the disease and poor
response to calls for breast screening. Early detection through
mammography has been shown to increase treatment options
and save lives. Women with high breast density are more
likely to be afflicted with breast cancer, that is, about four
to five times than women with low breast density [2, 3].
Mammography is the only imaging technique that has the
ability to detect breast cancer even before it becomes palpable.
Mammograms are analyzed visually by radiologists. How-
ever, there are limitations since the sensitivity of mammogra-
phy is reduced on dense breasts [4]. Hence, there is difficulty

in the interpretation of suchmammogram images. Because of
the subjective nature of visual analysis, qualitative responses
may vary from one radiologist to another. As a solution, a
computerized system which can detect the dense breast areas
and act as second opinion is essential.

Segmentation of abnormal structures in the breast, conse-
quently, depends on breast tissue density. According to Suck-
ling et al. [5], automated segmentation of glandular tissue or
parenchymal pattern can be provided as a primer for mam-
mographic lesion detection. A mass is usually represented by
a hyperdense structure. However, overlapped fibroglandular
tissues also appear to have similar intensities with a mass
[6]. According to Miller and Astley [7], identification of
glandular tissue in a mammogram is necessary for assessing
asymmetry between the left and right breasts.Matsubara et al.
[8] have stated that the assessment of fibroglandular tissue
which can be used to estimate degree of risks is obscured by
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normal breast tissues. It is difficult to differentiate between
normal, dense tissue, and cancerous tissue when the tumor is
surrounded by glandular tissues [9].

In clinical practice, Caulkin et al. [10] have realized
that the majority of cancers are associated with glandular
rather than the fatty tissues. The detection of breast cancer
in mammograms is a very difficult task. This is due to the
large variation of breast tissues appearance in mammograms.
Tumor ormass is usually represented by dense tissues located
on the fibroglandular region and can often be seen as
light gray or bright regions in the mammograms. Hence,
for mammograms which are dense and of glandular type,
the detection of tumors becomes more difficult because
of the similarity of intensities between the tumor and the
dense normal breast tissues. The detection of tumor that is
embedded in the normal dense tissue thus becomes more
complex compared with the fatty breast tissues.

Many researchers had focused on image processing,
including segmentation techniques to identify masses and
calcifications for the detection of early breast cancer. Most
of the image processing techniques are implemented on
the whole mammogram without taking into consideration
that mammograms have different density patterns and the
fact that anatomical regions are used by radiologists in the
interpretation [6]. Segmentation of the glandular tissue can
act as a primary step to detect suspicious mass and to reduce
false positives. The focus of this research is not only for the
segmentation of dense areas but also to consider the existence
of mass or masses and other breast anatomical structures for
visualization. Hence, by focusing on the glandular areas and
highlighting the hyperdense regions of the glandular area, it
can assist and contribute as a second opinion for experts in
diagnosis.

In this study, GC technique is explored to evaluate
its efficiency to detect breast density and masses, and to
visualize other breast anatomical regions on mammograms.
GC technique enables objects inmedical images to be reliably
segmented by finding their precise boundaries. Existing
research onGC technique research papers has shown positive
results in the segmentation of medical images such as mag-
netic resonance imaging (MRI) and computed tomography
(CT) images. Although the GC techniques have shown very
promising outcome, work on using the technique applied
on mammograms has yet to embark. Camilus et al. [11]
used the GC algorithm to identify the pectoral muscle.
Our previous work [12] was the first to have used GC
algorithms on mammograms to segment breast regions into
section of background, skin-air interface, uncompressed fat,
compressed fat, and glandular regions. The niche of this
study is the application of the GC technique for detecting
breast density, mass, including the breast anatomical regions
on mammograms. We have found that it is important to
combine segmentation of the breast into anatomical regions
with the segmentation of breast density for general breast
cancer screening. Then, focusing on the dense components
and specific segmentations of glandular tissue areas should
be adapted for breast mass detection. Finally, breast density
estimation for breast cancer risk assessment or formonitoring
the changes in breast density as prevention or intervention

procedure should also be incorporated. Therefore, the steps
in theComputerAidedDetection Systemwould be combined
and be of use in this work.

2. Background

Wolfe [13] was the first to have shown the relationship
between mammographic breast density patterns and the risk
of developing breast cancer. He classified breast density or
described it as parenchymal patterns into four categories.
Because of the relationship, studies based on breast density
have been undertaken. Miller and Astley [7] investigated
texture-based discrimination between fatty and dense breast
types. Byng et al. [14] used measures based on fractal
dimension. Zhou et al. classified breast density into one
of four BIRADS categories according to the characteristic
features of gray level histogram [15]. They found that the
correlation between computer-estimated percent dense area
and radiologist manual segmentation was 0.94 and 0.91
with root-mean-square (RMS) errors at 6.1% and 7.2%,
respectively, for CC and MLO views. Matsubara et al. [8]
divided breast mammogram images into three regions using
variance histogram analysis and discriminant analysis. Then,
they classified it into four categories, which are (1) fatty, (2)
mammary gland diffuseness, (3) nonuniform high density,
and (4) high density, by using the ratios of each of the three
regions.

Bovis and Singh [16] estimated features from the con-
struction of spatial gray level dependency matrices. Petroudi
et al. [17] used textons to capture the mammographic
appearance within the breast area. Several other researchers
used intelligence systems for density classification such as
probabilistic Latent Semantic Analysis (pLSA), 𝑘-nearest
neighbors (kNN) classifier, a decision tree classifier, and a
Bayesian classifier. Bosch et al. [18] proposed a new approach
to model and classify breast parenchymal tissue using pLSA.
Chatzistergos et al. [19] worked on the classification of
breast tissue according to Breast Imaging Reporting andData
System (BIRADS) using pLSA. Oliver et al. [20] used the k-
nearest neighbors (kNN) classifier, a decision tree classifier,
and a Bayesian classifier, based on the combination of the first
two classifiers in their research.

Despite all the studies, only a small group of researchers
have been involved with the segmentation of dense breast
areas with regards to the breast anatomical structure. More
detailed divisions can be made through segmentation based
on the anatomy. This also helps in the delineation, charac-
terization, and visualization. For example, with the detection
of the breast region, other related clues such as distortion
in breast structure and the nipple position in the breast will
also be detectable. The segmentation method proposed by
Karssemeijer [21] allowed the subdivision of a mammogram
into three distinct areas: breast tissue, pectoral muscle. and
background. Petroudi and Brady [22] described an algo-
rithm to segment mammographic images into regions corre-
sponding to different densities. The segmentation algorithm
used textons in a hidden markov random Field (HMRF).
The results of the algorithm demonstrated close agreement
to radiologist’s segmentation and density interpretation.
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Adel et al. proposed segmentation of breast regions into pec-
toral muscle, fatty, and fibroglandular regions using Bayesian
techniques with an adaptation of Markov random field for
detecting regions of different tissues on mammograms [23].
Aylward et al. segmented the breast into five regions using a
combination of geometric (gradient magnitude ridge traver-
sal) and statistical (Gaussian mixture modeling) methods
[24]. The five regions that they segmented are the back-
ground, uncompressed fat, fat, dense tissue, and muscle. El-
Zaart segmented the mammogram image into three regions,
which are fibroglandular disc, breast region, and background
[25]. In many segmented images, the outline of the breast
region is positionedmore inwardly than the actual boundary,
perhaps because the skin line was hardly visible.The previous
segmentation research by Oliver et al. resulted in a minor
loss of skin-air regions in the breast area [20]. There is a
need to build a system that attempts to avoid this situation
by preserving the skin line position and, if possible, nipple
location. This is important because it assists the practitioner
in the detection of architectural distortion. Radiologist gives
specific attention to the nipple in physical examination of
the breast. Moreover, according to Karssemeijer [21], it is
important to preserve the skin line position for feature
selection. In our previous work, GC technique is found to be
able to segment the breast regions into the background, skin-
air interface, fatty, glandular, and pectoral muscle [26].

Most of the studies are focused on the classification
methods for breast density. Others highlighted the segmenta-
tion methods for fibroglandular tissue, while few researchers
performed segmentation of the breast anatomical regions
based on density. There have also been works on the seg-
mentation of other specific parts of breast regions such as
either detection of nipple position, skin-air interface, or
pectoral muscles. Breast density research had been reviewed
intensively in our previous paper [27]. Most of the previous
research paper that focused on the segmentation of the
glandular area do not usually emphasize on the ability of
tumor detection. This study not only segments the dense
breast areas but also detects tumor in that area. It would
be interesting if, at the same time, the system can visualize
the breast anatomical regions in order to assist radiologist in
the interpretation. As a continuation of previous work [26],
this study will highlight the capability of GC technique not
only for breast density and other breast anatomical regions
segmentation but also considering the detection of mass or
masses. Pectoral muscle extraction is also carried out in order
to perform breast density classification. Our research goal is
to develop a systemwhich can detect breast density andmass,
and visualize other breast regions (skin-air interface, fatty,
glandular, and pectoralmuscle) in a system.The performance
evaluation of the breast density segmentation results and
a model to estimate BIRAD category according to breast
density percentage in the classification stage will be presented
in this paper.

Although there are other researchers who segment the
breast region into fatty and dense regions [23, 25], the
technique in this study has the capability of segmenting the
image into its anatomical regions up to six regions. There
are also studies which concentrate on the detection of breast

boundary or localization of nipple [28]. However, they have
not considered the detection of dense areas. On the other
hand, previous works which concentrate on the detection of
breast density have not considered the preservation of breast
boundary or localization of nipple [20]. Our approach here
would take into consideration the detection of breast density
as well as to preserve asmuch as possible, the breast boundary
or localization of nipple position. We present a method for
segmenting the breast to areas of different densities which
investigates the use of GC algorithm. The results of the
segmentation are based onuser defined seed labels depending
on the density features to provide hard constraints for theGCs
algorithm, as they combine tissue type and color information.

3. Methodology

The main objective of this study is to develop a Computer
Aided Detection System, which is capable of segmenting
breast density and mass, and also visualizating other breast
anatomical regions. Several steps are involved to achieve this
objective. All the phases involved have been shown in the
block diagram of Figure 1. The initial steps in this research
involved the preprocessing stage, including automated image
cropping, artifacts removal, and image enhancement. In this
study, GC techniques are proposed for the segmentation
of dense areas and mass, and visualization of other breast
anatomical regions. The method has been tested on the
Mammographic Image Analysis Society Digital Mammo-
gram Database (Mini-MIAS) database [29].

3.1. Preprocessing Step. Automated breast profile cropping is
performed to locate the region of interest (ROI) containing
the desired breast region. In order to save the usage of
memory space and to speed up the processing task, the
image has been down sampled by 4. The image cropping
removes unnecessary areas such as the wide background
areas and allows more focus on specific regions. The purpose
of this procedure is to enable the process of suspicious area
detection to be limited to the breast area without being
influenced by the background. This ROI will be used for
further segmentation processes.

Some images in mini-MIAS database are affected by
artifacts and noises. Artifacts in the mammogram images are
of high intensity such as labels, opaque marker, and scan-
ning artifacts. Noises such as speckled noises and scratches
are most likely to be caused by the digitization process.
The opening morphological and thresholding technique is
employed at the preprocessing stage to remove the artifacts
and noises, and to ease the segmentation process. The noise
and artifacts in the background are detected and replaced by
black pixels. For enhancement, the image is processed using
median filtering and morphological techniques. A median
filter is used because of its ability to remove artifacts caused
by scratches.

3.2. Pectoral Muscle Extraction. The similarity in intensity
and the overlap between the pectoral muscle and the glan-
dular tissue can cause false positive detection of mass or
dense area. Extraction of the pectoral muscle area can help
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Figure 1: Block diagram representing each phase involved in this
study.

to reduce the false positives. Removing the pectoral muscle
is also essential in calculating the percentage of breast area.
This is an improvement of our previous research [12, 26,
27, 30, 31], which only considered the detection of dense
areas and visualization of other anatomical regions. In this
research paper, calculation of breast density percentage will
be carried out, involving removal of pectoralmuscle region in
the calculation of breast region area.The procedures involved
in the detection of pectoral muscle are as foloows:

(1) the result from the automatic breast profile cropping
image will be used further in this stage. The left
MLO mammogram image is flipped horizontally to
position the pectoral muscle at the upper-left corner
of the image. While the right MLO mammogram
image can be processed directly without the need for
flipping;

(2) the initialization seed of pectoral muscle is automat-
ically located at the upper-left corner of the initial
location for region growing;

(3) the identified pectoralmuscle area using region grow-
ing is extracted and removed;

(4) the breast region without pectoral muscle is used as
input for segmentation using GC technique.

3.3. Multilabel Graph Cuts Segmentation. It is difficult to
identify breast density due to the fuzzy boundary between
fatty and glandular regions. Thus, it is very necessary to
segment the different kinds of tissues or breast anatomical
structures in the mammogram image for accurate diagnosis.
Image segmentation using GC is used to partition an image
according to the breast anatomical structure and to allocate
the dense breast areas or tumor. The GC is applied with a
multiselection of seed labels to provide the hard constraint,
whereas the seeds labels of different breast regions are user
defined selected. This method is essential in mammogram
image processing in order to identify the dense breast areas
as well as the abnormal locations. The precision of this
segmentation technique has a great effect on image analysis.

The segmentation result using GC is performed using the
following equation:

𝐸 (𝑓) = 𝜆 ⋅ ∑

𝑝∈𝑃

𝐷
𝑝
(𝐿
𝑝
) + 𝜇 ⋅ ∑

{𝑝,𝑞}∈𝑁

𝑉
{𝑝,𝑞}
⋅ 𝛿 (𝐿
𝑝
̸= 𝑞) .

(1)

𝐸(𝑓) is an energy function, and 𝐿 = {𝐿
𝑝
| 𝑝 ∈ 𝑃} is a

labeling of image 𝑃. The first term of this equation is called
data the cost (also known as the regional properties term)
[32], while the second term is called smooth cost (also called
boundary properties term). 𝐷

𝑝
(⋅) is a data penalty function,

and it indicates individual label preferences of pixels based
on observed intensities and prespecified likelihood func-
tion. 𝑉

𝑝,𝑞
is interaction potential which encourages spatial

coherence by penalizing discontinuities between neighboring
pixels. There are two constants; 𝜆 and 𝜇 correspond to
datacost and smoothcost, purposely to obtain the optimal
segmentation. In this work, the value for data cost constant
(𝜆) is set to 10 and smooth cost constant (𝜇) is set to 20.These
values were chosen because the best segmentation results
were obtained based on a trial and error basis.

In using graph cuts, the user only needs to select the num-
ber of segments and also put labels on the desired regions to
perform the segmentation. To representmeaningful anatomi-
cal regions, three to six numbers of segments are appropriate.
The initial labels that need to be assigned are labels for the
background and skin-air interface, which will separate breast
and nonbreast regions in the mammogram. Then, the most
important label is for the dense andhyperdense regionswhich
have a higher possibility of harbouring the suspicious region.
Tumors or masses are usually represented by hyperdense
structures embedded in the dense part of the glandular tissue.
Hence, by focusing on the glandular area and highlighting the
hyperdense region of the glandular area, the GC algorithm
can automatically detect the abnormal area. As output, the
mammogram image is presented as a number of segments,
with each segment representing the different regions of the
breast.

3.4. Performance Evaluation. Performance evaluation step is
carried out tomeasure the capability of the proposedmethod.
The most important part that we want to highlight in this
study is the density area. Three performance metrics used in
the performance evaluation in previous studies [28, 33] are
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completeness (CM), correctness (CR), and quality (𝜌) [23].
The completeness is the percentage of the ground truth region
which is explained by the segmented region. The correctness
is the percentage of correctly extracted breast region type. A
single metric which is quality, can be obtained by combining
completeness and correctness [33]. The optimum value for
both metrics is 1. These same three performance metrics
evaluations are also used in this study, which are as follows:

Completeness ≈ TP
TP + FN

,

Correctness ≈ TP
TP + FP

,

Quality ≈ TP
FN + FP + TP

.

(2)

The terms and formula involved in evaluating segmenta-
tion results are stated as folows:

(1) true positive (TP) means the pixels correctly seg-
mented as glandular tissue/mass that proved to be
glandular/dense tissue in the ground truth;

(2) false positive (FP) means the pixels correctly seg-
mented as glandular tissue/mass that proved to be
other tissues in the ground truth;

(3) false negative (FN) means the pixels correctly seg-
mented as other tissues that proved to be glandular
tissue/mass in the ground truth;

(4) true negative (TN) means the pixels correctly seg-
mented as other tissues that proved to be other tissues
in the ground truth.

When analyzing mammography images in the screening
process, one of the tasks of the radiologist is to identify the
portion of image that represents breast density area. This is
very subjective. Different experts sometimes have differing
opinions even when referring to the same image. Figure 2
is the ground truth of breast density showing the variability
in the interpretation of breast density or glandular tissue
amongst radiologists [34]. As we can see from Figure 2, the
breast density is represented by one location spread over a
large area as their ground truths. The green arrows showed
that fatty tissues were also included inside the ground truth
of the breast density.

Most of the research done in density detection does not
provide comparison with expert delineation of density area.
In fact, qualitative analysis was always needed as performance
evaluation [35]. In this research, segmented images using GC
are comparedwithmanually sketched sections of dense breast
areas using MIPAV program by an expert radiologist. The
segmented density area by the radiologist becomes the gold
standard of reference for measuring the validation of our
method. This can provide more accurate measurements of
breast density.

Information on the location of abnormality and the radius
of a circle enclosing the abnormality that can be used as
reference for mass detection have been provided in the mini-
MIAS database. In this study, a procedure has been created

whereby the location of abnormality can be inserted together
with the radius of a circle enclosing the abnormality and
also automatically detects the location of abnormality. The
centroid location of abnormality is represented by a blue
asterisk, while a green circle represents the abnormality
enclosed as shown in Figure 3(c).

However, for quantitative analysis, the ground truth of the
abnormality is also needed. This requires manual sketchings
from the radiologist expert to highlight the edges of density
and mass area. In this study, the process is confined to one
single best expert opinion, that is, a senior radiologist who
is also a consultant radiologist, having more than 20 years
of experience. In his opinion, one sketching for a ground
truth is appropriate to represent a homogeneous region
(BIRAD 1 or BIRAD 4). However, a heterogeneous region
(BIRAD 2 or BIRAD 3) is not appropriately represented
by one sketching of the ground truth. This is because, by
using a rough ground truth to represent the heterogeneous
region, the fatty tissue would most probably be also included
inside the regions such as the green arrow labeled ground
truths as in Figure 2. According to our expert, since the
heterogeneous region greatly differs from a homogeneous
region,more than one sketching is required for ground truths
of this nature. In this study, the ground truths were obtained
to locate the dense breast regions and mass areas, which are
indicated by red lines as in Figures 3(a) and 3(b). These can
be used as basis of references for comparing the validity of
our segmentation results. Figure 4 gives the illustration of
ground truths by our expert for different BIRAD categories.
Thus, more appropriate segmentations may be obtained from
this study as a basis of comparison using our computerized
method.

3.5. Classification of Breast Density. Breast Imaging Report-
ing and Data System (BIRADS), which was developed by
the American College of Radiology (ACR) is the recent
standard in radiology for categorizing breast density [36].
BIRADs classify breast density into four major categories: (1)
predominantly fat (<25% fibroglandular content); (2) fat with
some fibroglandular tissues (fibroglandular content between
26% and 50%); (3) heterogeneously dense (fibroglandular
content between 51% and 75%); and (4) extremely dense
(fibroglandular content > 75%). Figure 5 showsmammogram
images with different BIRAD categories. Breast density per-
centage is calculated using the following formula [37]:

Breast density =
Glandular region
Breast region

× 100%. (3)

Breast density percentage was calculated by dividing the
number of density pixels by the total number of pixels within
the breast boundary. A different breast density category
is obtained by grouping the breast density percentage
calculated according to the BIRAD categories. A statistical
analysis using Pearson correlation coefficient [38] will be
used for comparison of the breast density area using GC
segmentation method and the breast density area derived by
the ground truth. Regression analysis will also be carried out
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(d) (e) (f)

Figure 2: Ground truths from radiologists for mammogram image mdb111 [34].

(a) (b) (c)

Figure 3: Ground truth from radiologist for (a) breast density and (b) mass area; (c) ground truth from mini-MIAS database for mass area.

to determine a model for prediction of BIRAD categories in
this classification stage.

4. Results

The segmentation technique has been tested on normal
and abnormal images of mini-MIAS database. Figures 6
and 7 show the results of the preprocessing stage of this
research for normal and abnormal images. The original
mammogram images (Figures 6(a) and 7(a)) consist of a large
background area. Thresholding technique is used to separate
the breast region from the non-breast region. The binary
images of breast region are shown in Figures 6(b) and 7(b).

The automatic cropping will limit the mammogram images
to be fed into the rectangular area of the breast region as
seen in Figures 6(c) and 7(c).Themorphological technique is
adopted in order to remove radio opaque markers and labels.
Themedian filter is used to enhance the image and to remove
noise such as scratches in the original mammogram images,
and the results of filtering are shown in Figures 6(c) and 7(c).
Figures 6(d) and 7(d) show the segmented breast profile as
region of interest for original image Figures 6(a) and 7(a) after
removing the radio opaque marker and label.

Region growing is performed with initialization seed,
which is allocated at the upper-left corner of the image. The
right MLOmammogram image of mdb004 can be processed
directly without the need to be flipped (Figure 8(a)), while
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(a) BIRAD1 (b) BIRAD 2 (c) BIRAD 3 (d) BIRAD 4

Figure 4: The illustrations of breast density ground truth by radiologist for each BIRAD category.

(a) BIRADS 1 (b) BIRADS 2 (c) BIRADS 3 (d) BIRADS 4

Figure 5: Mammograms images according to BIRADS categories.

the leftMLOmammogram image of mdb111 has been flipped
horizontally to position the pectoral muscle at the upper-left
corner of the image (Figure 9(a)). Then, the pectoral muscle
areas are extracted. The breast regions without pectoral mus-
cle (Figures 7(c) and 9(c)) are used as input for segmentation
using the GC technique.

MultilabelGC technique candelineate a normalmammo-
gram image into area of density and other breast anatomical
regions. The GCs are applied with multiselection of labels.
There are five labels selected formdb004 image.The labels are
marked by the user. The results of image mdb004, which is a
normal case, after it is segmented using the GC technique are
shown in Figures 8(d)–8(f). The first label is for finding the
background, the second for finding the skin-air interface, the
third for finding the uncompressed fatty region, the fourth for
finding the compressed fatty region, and the fifth for finding
the breast density region. For every image, there are three
output images. The first image shows marked seeds by the
user (Figure 8(d)) and the second shows segmentation output
in the grayscale (Figure 8(e)), while the third image shows the
segmentation output in color (Figure 8(f)).

The result of mdb111 which is a malignant case, after
segmenting using theGC technique is shown in Figures 9(d)–
9(f). Six labels are selected for the image mdb111. The first

label for finding the background, the second for finding the
skin-air interface, the third for finding the uncompressed
fatty region, the fourth for finding the compressed fatty
region, the fifth for finding the breast density region, and the
sixth label is for finding the dense tumor or mass. The results
showed that GC technique has the capability to detect masses
which are embedded in the breast density. By focusing on
the dense areas and highlighting the hyperdense regions of
the glandular area, theGC technique can automatically detect
the presence of mass.This research proved the importance of
detecting hyperdense structures of the dense breast regions
which can automatically highlight the presence of abnormal-
ities such as a mass or masses. Quantitative evaluation of
segmented breast density by the proposed method is based
on the ground truths by our radiologist.

Performance evaluation has been evaluated on 40 mam-
mograms images of different breast tissue types or BIRADS
categories, with 10 images each for fatty (fat) and fatty-
glandular (GL) and 20 images for dense-glandular (𝐷) breast
type. Overall, for the 40 normal images, the mean values
for completeness (CM), correctness (CR), and quality (𝜌)
were 0.702, 0.635, and 0.513. For fatty breast tissue type, the
mean values for completeness, correctness, and quality were
0.334, 0.426, and 0.189. For fatty-glandular breast tissue type,
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Figure 6: (a) Original mammogram image of mdb004; (b) bina-
rized image of the breast region after thresholding; image after
preprocessing using the median filter and automatic cropping (c)
before and (d) after label and marker removal resulting in the
segmented breast profile.
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Figure 7: (a) Original mammogram image of mdb111; (b) binarized
image of the breast region after thresholding; image after prepro-
cessing using the median filter and automatic cropping (c) before
and (d) after label and marker removal resulting in the segmented
breast profile.

the mean values for completeness, correctness, and quality
were 0.839, 0.488, and 0.447. For dense-glandular breast tissue
type, the mean values for completeness, correctness, and
quality were 0.818, 0.814, and 0.707. Performance evaluation
results of GC technique are shown on Figure 10, where the 𝑦-
axis represents the mean values obtained using the complete-
ness, correctness, and quality metrics for the different breast
tissue types and the overall image represented along the 𝑥-
axis.

The performance evaluation result is promising for breast
density and mass area detection. The ground truths based
on the information from mini-Mias database gave the rough
ground truths, while the ground truths from our radiologist
gave more precision. The ground truth from mini-Mias
database can provide the location of abnormality as reference.
However, it cannot provide precise edge of the mass com-
pared with ground truth used in this study. As a result, the
performance evaluation conducted in this study can supply
more accurate performance evaluation results. The problem
regarding the ground truth and performance evaluation has
been explained in detail in our review paper [27].

According to Nishikawa et al. [39], it is not meaningful to
compare different techniques if the techniques are tested on
different databases. However, there are very few techniques
that have been tested using quantitative performance evalu-
ation involving ground truth from a radiologist. Therefore,
comparison has beenmade between our techniquewith other
previousworks using images from the same databases and the
performance evaluation is conducted using the same metric,
involving ground truths from a radiologist. In this study, we
have compared our findings with previous work by Adel et
al. [23], whereby Bayesian technique with an adaptation of
Markov random field was applied and quality metric was
used in their performance evaluation.The results for mdb003
(BIRAD 3), mdb041 (BIRAD 2), and mdb009 (BIRAD 1)
are presented in Table 1. For the BIRAD 3 (mdb003) and
BIRAD 2 (mdb041) breast categories, our method produced
better results of quality metrics compared with the previous
method. Although our results are found to be poor for the
BIRAD 1 (mdb009), the segmented output image is quite
similar, that is, if the segmented image in this study is
compared with the previous segmented image by Adel et
al. [23]. This means that the difference in quality metrics is
caused by the difference in the ground truths. The reason
is that the more detailed ground truth of glandular breast
type involves multiple locations of dense area representing
the heterogeneous region, while previous research paper have
only considered one location spread over a large area as
their ground truths. The different ground truths will affect
the performance evaluation result, albeit the segmentation
results are quite similar. The different ground truths greatly
affect the reliability of the performance evaluation of the
segmentation results. Therefore, it is absolutely necessary to
find a way to obtain an objective ground truth.

As stated before, the focus of this research is not only
for the segmentation of dense areas but also considers the
other breast anatomical structure for visualization such as
the location of nipple (if necessary and possible), the skin-
air interface, uncompressed fatty tissue, compressed fatty
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Figure 8: (a) The cropping breast profile image of mdb004 for right MLO mammogram, (b) binarized image of the breast region after
removal of pectoral muscle, (c) mammogram image with pectoral muscle removed and segmentation of mammogram image mdb004, (d)
using 5 marked labels and output segmented image with (e) grayscale label and (f) color label.

Table 1: Comparison results of the proposed method with previous
work by Adel et al. [23].

Segmentation technique
Adel et al. [23] Proposed method

Image Quality metric Image Quality metric
mdb003 0.58 mdb003 0.831
mdb041 0.77 mdb041 0.865
mdb009 0.185 mdb009 0.130

tissue, and glandular tissue. The results indicate that the GCs
technique can delineate the breast density, mass, and other
breast anatomical regions in mammogram.

For the calculation of breast density percentage, the num-
ber of density pixels is divided by the total number of pixels
within the breast boundary. However, there is uncertainty
in the definition of breast boundary. Most studies ignore
the skin-air interface as breast region. Moreover, according
to Karssemeijer [21], it is important to include the skin-air
interface and also to preserve nipple position (if possible)
for feature selection. Therefore, this research has considered

these aspects in order to provide more precise segmentation.
Pearson correlation coefficient (𝑟) was used to compare the
dense breast areas segmented using GC method with the
breast density area derived by the ground truths in this
research. The results is robust (𝑟 = 0.93) and comparable
with previous work by Zhou et al. (𝑟 = 0.91 and 𝑟 = 0.94)
[15]. Figure 11 shows the breast density percentages of ground
truths by our radiologist (GT density) and breast density
segmented using GC (GC density).

The results show that the percentages of the segmented
area using GC highly correlate with the segmented area by
the radiologist. However, a lower percentage is produced as
compared to the category that is derived by BIRADS. This
is caused by the different definitions of breast boundary.
Previous research defined breast boundary without consid-
ering the skin-air interface [20], because of the difficulty in
visualizing that area, as a result of low contrast. On the other
hand, this study which has emphasized that the anatomical
breast region has not discarded this skin-air interface region
as it helps in the visualizating and interpreting purpose.
However, this has decreased the density percentage, while the
breast region area has become larger. The situation causes
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Figure 9: (a)The cropping breast profile image of mdb111 for leftMLOmammogram is flipped horizontally, (b) binarized image of the breast
region after removal of pectoral muscle, (c) gray level mammogram image with pectoral muscle removed and segmentation of mammogram
image mdb111, (d) using 6 marked labels and output segmented image with (e) grayscale label and (f) color label.

bias in categorizing breast density. In order to overcome
this situation, a model based on statistical analysis using
regression analysis is performed.Amodel to determine breast
density category based on breast density percentage is derived
as follows:

𝑦 = 1.327 + 0.040 (𝑥) , (4)

where 𝑦 is the estimated BIRADS category while 𝑥 is the
density percentage.

5. Discussion

The preprocessing stage which involved automatic breast
profile cropping can identify regions of interest (ROI), in
the breast. It also eliminated unnecessary areas, such as the
large background area, radio opaque markers, labels, and
artifacts. The segmentation technique is able to segment the
identified dense breast areas, and its capability in detecting
mass embedded in the dense areas is highlighted.Themethod
has also helped in the visualization of other breast anatomical
regions. A strong correlation of 𝑟 = 0.93 was observed
between the segmented breast density and the radiological

ground truth. The promising results showed the potential
capability of the technique to be used in clinical practice for
quantifying breast density.

Two situations arise using the proposed approach. Firstly,
the completeness, correctness, and quality of the proposed
method are good or better for dense breast type (BIRADS 4).
This is because the homogenous region needed one sketching
of ground truth. However, as a result of using the detailed
and precise ground truth, the completeness, correctness, and
quality of the proposed method are lower for the fatty and
glandular breast type. This is because the more detailed
ground truth of glandular breast type involves multiple
locations of dense areas to represent the heterogeneous region
and is not confined to only one location as in the previous
ground truths [35]. Only one sketch of ground truths in this
research is used for the homogenous region. It is very chal-
lenging to compare manually drawn ground truths sketching
with the computerized result. This is because the manually
drawn ground truth sketches by the radiologist are based
on expert’s vision of the related breast anatomical structure,
while the computerized results are based on intensities.While
the computer may be powerful to discriminate pixel value
based on the differing intensities, the radiologists empower
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their naked eyes in the differentiation of intensity. However,
based on his experience and instinct, a radiologist is able
to interpret results based on detailed anatomical structures
compared with a computerized method which is confined to
the levels of intensities. In any case, this research has stated
the necessity for the definition of ground truths of breast
densities, as a guidance to be used in a repeatable manner.

Secondly, in order to classify a breast according to BIRAD
categories, the density percentage is calculated. There is high

(a) (c)(b)

Axilla part of breast

Breast region

Figure 12: Different sizes of the axilla portion on mammogram
images.

correlation (𝑟 = 0.93) between the breast density area
segmented using GC method with the breast density area
derived by the ground truth in this research. However, the
value of the density percentage is smaller than its BIRAD
categories. Again, this situation is difficult to solve, unless
a clear definition of a ground truth and breast region is
available. Therefore, a model for breast category estimation
is derived using statistical analysis. As this study had focused
on breast density percentage as a feature for classification
using regression analysis, the classification of other features
is beyond the scope of our study. Briefly, the calculation
percentage of glandular tissue has been conducted, and the
estimation of breast density category has been derived.

6. Future Works

Future research should try to identify the same ground truth
as a term of reference in order to compare the computer
assisted system that will be developed. A standard definition
or explanation of ground truth is deemed necessary, so that
an objective ground truth can be sketched correctly according
to the criteria derived. A clear definition of what constitutes
a breast region should also be stated in future works, that is,
such as whether the axilla portion as well as pectoral muscle
section should also be considered. We have found that some
images do not include the axilla portion (Figure 12(a)), while
some other images have taken a small section of that part
(Figure 12(b)), and still others have considered larger portions
of the axilla (Figure 12(c)). This study suggests the removal
of the axilla for future research. This is because each of the
MLO mammogram images has different sizes of the axilla
portion of the breast region, which will affect the calculation
of the overall breast region area. Removal of the axilla section
assures that the same definition of breast region could be
obtained and a more standard measurement of the breast
region area could be used in future research.

This study suggests the classification of BIRAD density
in future work, not only based on the percentage area of
breast density but also in combination with morphological
or textural features (GLCM) of breast region. The classifier
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(SVM, PCA, ID3, MLP, NN or other classifiers) should be
used to classify the breast density into BIRAD categories.

7. Conclusion

Previous research papers have focused either on breast
density or mass detection. This research combined both
abilities (breast density or mass detection) in a system. The
systemnot only could segment breast density and other breast
anatomical regions, it also could highlight mass or masses
that may be embedded in the glandular regions. These are
beneficial computational tools to be used for clinical decision
support systems in the diagnosis of breast cancer. The GC
algorithm which has been implemented for breast density,
mass, and anatomical segmentation was found to be promis-
ing. The precision of the segmentation technique has great
effects on image analysis. This study has also emphasized the
usage of detailed and precise ground truths especially in the
performance evaluation.A standard definition or explanation
of ground truth is necessary to ascertain that correct sketches
are obtained based upon agreed and derived criteria. This
study has also tried to highlight the fact that comparison
of performance evaluation for segmentation results by using
different ground truths is incomparable until and unless a
clear definition of ground truths is stated for research in the
future. A clear definition of breast area is also important for
the calculating of breast density. In any case, the ground truth
can be accepted as guidance for performance evaluation.
However, it is not an absolute evaluation. There is still
restriction and limitation in the performance evaluation of
segmentation results, and this needs further improvements.

Acknowledgment

The authors would like to acknowledge USM-RU Grant
814082 for providing financial support for this work.

References

[1] A. Jemal, F. Bray, M. M. Center, J. Ferlay, E. Ward, and D.
Forman, “Global cancer statistics,” CA: Cancer Journal for
Clinicians, vol. 61, no. 2, pp. 69–90, 2011.

[2] N. F. Boyd, H. Guo, L. J. Martin et al., “Mammographic density
and the risk and detection of breast cancer,” The New England
Journal of Medicine, vol. 356, no. 3, pp. 227–236, 2007.

[3] L. Yaghjyan, G. A. Colditz, L. C. Collins et al., “Mammo-
graphic breast density and subsequent risk of breast cancer in
postmenopausal women according to tumor characteristics,”
Journal of the National Cancer Institute, vol. 103, no. 15, pp. 1179–
1189, 2011.

[4] D. S. M. Buist, P. L. Porter, C. Lehman, S. H. Taplin, and
E. White, “Factors contributing to mammography failure in
women aged 40–49 years,” Journal of the National Cancer
Institute, vol. 96, no. 19, pp. 1432–1440, 2004.

[5] J. Suckling, D. R. Dance, E. Moskovic, D. J. Lewis, and S. G.
Blacker, “Segmentation of mammograms using multiple linked
self-organizing neural networks,”Medical Physics, vol. 22, no. 2,
pp. 145–152, 1995.

[6] M. Pierre, Combining assembles of domain expert markings
[M.S. thesis], Department of Computing Science, Umeå Univer-
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A novel method based on Snakes Model and GrowCut algorithm is proposed to segment liver region in abdominal CT images.
First, according to the traditional GrowCut method, a pretreatment process using K-means algorithm is conducted to reduce the
running time.Then, the segmentation result of our improved GrowCut approach is used as an initial contour for the future precise
segmentation based on Snakes model. At last, several experiments are carried out to demonstrate the performance of our proposed
approach and some comparisons are conducted between the traditional GrowCut algorithm. Experimental results show that the
improved approach not only has a better robustness and precision but also is more efficient than the traditional GrowCut method.

1. Introduction

With the development of modern computer technology
and digital medical equipment, medical image has become
an important means for clinical doctors to diagnose dis-
eases. Therefore, clinicians bring forward an upcoming
need for computer aided diagnosis (CAD) technique. As
an important modern image processing technique liver
segmentation becomes an important issue of Liver CAD.
The accurate segmentation of diverse tissues in the CT
image is not only a necessary premise before extracting
features of diseases, but also a basic of the three-dimensional
image reconstruction and the medical image visualiza-
tion.

Image segmentation algorithm can usually be classi-
fied into two kinds: fully automated and semiautomated
segmentation methods. Fully automated algorithm like the
threshold-based method [1, 2], edge-based method [2, 3],
clusteringmethod [4, 5], region-basedmethod [6, 7],Markov
Random Field (MRF) based method [8–10], Snakes-based
method [11], and so forth has been improved constantly.
However, no automated algorithm can obtain perfect results

for any kind of images. So there are many improved semi-
automated methods proposed in the research literatures,
such as the interactive image segmentation based on graph
cut proposed by Boykov and Jolly [12], the random walker
technique proposed by Grady [13], and the intelligent scissor
[14] algorithm.

GrowCut [15–20] uses cellular automaton to solve pixel
labeling task. It is suitable for image segmentation with
any dimensions and fits for both the gray image and the
color image. Each automata cell has some labels (in case of
binary segmentation—“object,” “background” and “empty”).
During the process of automata evolution, some cells capture
their neighbors, and then replace their neighbors’ labels. The
GrowCut algorithm can accurately segment fuzzy regions
based on the anatomy knowledge and clinical experience
of experts. Besides, the GrowCut algorithm can meet the
requirements of real-time processing because of its character-
istics of fast speed and simple principle. However, there is still
under-segmentation problem for liver segmentation based on
this method.

Snakes model [11] is an energy-minimizing spline which
is guided by external forces and influenced by image forces
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that pull it toward features such as lines and edges. It is an
important kind of deformable model, which needs a closed
curve as a priori knowledge. Although it is immune to noise
and pseudoedge, it has a strict demand for an initial contour.
If the initial contour is far away from the image edge, it is
difficult to obtain a good segmentation result.

In this paper, a novel method for liver segmentation in
abdominal CT images is proposed based on Snakes model
and GrowCut algorithm. Firstly, a novel energy function
for the automata evolution based on the graph theory is
proposed. Then, an initial liver region extraction based on
the improved GrowCut algorithm is conducted, in which the
K-means algorithm is innovatively introduced to accelerate
the speed of the improved GrowCut approach. Lastly, the
segmentation result of the proposed improved GrowCut
algorithm is used as an initial contour for the Snakes model
for a precise liver segmentation. In this case, the sensibility
problem of the initial contour of Snakes model can be solved
efficiently.

2. Image Segmentation Based on Snakes Model
and the Improved GrowCut Algorithm

The proposed schema consists of four parts, including image
denoise, liver presegmentation, liver region extraction, and
liver precise segmentation. Firstly, wavelet decomposition
is conducted to denoise an image. Secondly, a liver pre-
segmentation based on the K-means algorithm is performed,
thirdly, a novel energy function is proposed to improve the
GrowCut algorithm and applied in liver region extraction. At
the same time, the result of the K-means algorithm is used
to accelerate the speed of the improved GrowCut algorithm.
Lastly, the segmentation result of the improved GrowCut
algorithm is taken as an initial contour for the Snakes model
to perform the precise segmentation. The procedure of the
proposed algorithm is shown in Figure 1.

2.1. Image Denoise Based on Wavelet Transform. Wavelet
transform [21] has been widely used in image denoise due
to its advantages of time-frequency localization. According
to the characteristic of wavelet, the smooth parts in an
image are cantered on the low frequency, while the noises
and details are distributed in the high frequency. Image
denoise methods based on wavelet transform are mainly
divided into two kinds: one is directly setting high frequency
coefficients as zero and the other is based on a thresh-
old.

After an image is decomposed by wavelet transform,
the low frequency component and some high frequency
components of an image can be obtained. Compared with
the traditional image denoise methods based on a filter, the
approach of directly setting high frequency coefficients zero
owns a better result and a faster process velocity. However, in
the high frequency part of an image, there are not only noises
but also somedetails; such traditionalmethods usually lead to
losing somedetail information in an image during the process
of wiping out noises in the image.

Original image

Image denoise

Liver rough extraction

Further segmentation

Region of interest

Wavelet transform

GrowCut

Initial clustering

Snakes

K-means

Figure 1: The procedure of the proposed algorithm.

Let 𝐼 denote an original image, and let 𝐽 denote the
decomposition layer; we can get a low frequency compo-
nent and three high frequency components after three-level
wavelet decomposition. So, after decomposing an image, 𝐼
can be described as
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. Let 𝜆 be the threshold. Then the flow of the
algorithm is described as follows:

(1) perform the wavelet decomposition for an image, and
get the coefficients of each component;

(2) manipulate each high frequency with the following
principle:
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(3) finally, the denoised image is obtained by taking an
inverse wavelet transform.
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Figure 2: The procedure of image preprocessing by K-means algorithm.

2.2. Image Presegmentation Based on K-Means Algorithm. In
fact, there are many tissues and organs distributed in the
abdominal CT image and especially the liver attracts the
greatest attention. As the gray value of liver differs from
skeleton and some other tissues, a clustering operation can
be used to wipe out irrelevant tissues and to accelerate the
algorithm speed before a segmentation operation. Cluster
analysis is a kind of algorithm, which takes the data similarity
into account and classifies them. The similarity measure-
ments of medical image are generally gray, distance, and
texture. The most common used cluster analysis methods
include the K-means [22] and k-Nearest-Neighbours (KNNs)
[23] algorithm. From [22, 23], we can know that K-means
is very fast and simple, whereas the disadvantage of KNN is
its large computation complexity. Considering that we want
to use clustering algorithm to improve the efficiency of the
whole method, we choose K-means rather than KNN as the
classifier.

K-means algorithm aims to partition𝑁 observations into
number of 𝐾 disjoint subset 𝑆

𝑗
, in which each observation

belongs to the cluster with the nearest mean value in order to
minimize the sum of squares criterion:
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In (4), 𝑥
𝑛
is a vector representing the 𝑛th data point and

𝑢
𝑗
is the geometric centre of the data points in 𝑆

𝑗
.

In an abdominal image, there are too many irrelevant
regions, which lead to reduction of the processing speed and
segmentation precise, so it is necessary to make a cluster
analysis before liver extraction using GrowCut algorithm in
order to reduce its iteration times. The outline of the process
procedure is shown as Figure 2.

Firstly, a denoised image is the input of K-means cluster-
ing, and then each pixel in the image is labelled. Secondly,
the pixels whose labels are the same then regarded as the
same region which is extracted finally.Thirdly, the maximum
one of all extracted regions is accounted as liver region as it
generally takes up themaximum area in an abdominal image;
Fourthly, some holes in the candidate liver region are filled
and a disjunctive rectangle of the filled candidate liver region

is calculated. Lastly, a mask operation is carried out to extract
the final result. The result is shown in Figure 3.

In Figure 3, the size of the original image is 128 × 128

and the size of the candidate liver image is 70 × 58. We can
efficiently improve the segmentation efficiency and increase
the segmentation precision using the K-means preprocessing
algorithm.

2.3. Liver Region Extraction Based on the Improved GrowCut
Approach. Cellular automata (CA) algorithmwas introduced
by Von Neumann [19], which has been widely used in image
denosing and edge detection. A cellular automaton consists
of cellular, cellular space, neighbour, and some rules.

The basic cell in CA is called a cellular. A CA is a triplet
and is defined as

𝐴 = (𝑆,𝑁, 𝛿) . (5)

Here, 𝑆 is a nonempty state set, 𝑁 is the neighbourhood
system and 𝛿 represents the rule. There are mainly two
neighbourhood system models: one is the Von Neumann
model and the other is the Moore model.

The rule is an evolution basis of a dynamic system, which
is a dynamic function calculating the state of cellular of the
next iteration.

A digital image is a two-dimensional array with 𝑚 × 𝑛

pixels, and it can be considered as several particular state of
CAs, where the cellular space 𝑃 is defined as

𝑙
𝑝
= 0, 𝜃

𝑝
= 0,

→

𝐶
𝑝
= RGB

𝑝
. (6)

Here, RGB
𝑝
is the colour space of pixel 𝑝, 𝜃

𝑝
denotes its

intensity, and the final goal is to assign labels to each pixel.
Before the segmentation operation is performed, the user

needs tomanually input two types ofmarked points, one-type
of points is the foreground (region of interest) points, whose
label value 𝑙

𝑝
= 1, and the other is the background points,

whose label value 𝑙
𝑝

= −1. For all the points, we initialize
𝜃
𝑝
= 1. After completing the initialization, the algorithm goes

into the iterative process and will not stop until there are not
any pixels whose label will not change any more. Finally,
pixels labelled 1 will belong to foreground and the one
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(a) (b)

(c) (d)

(e) (f)

Figure 3: Results of image preprocessing by K-means algorithm. (a) Original image, (b) result image of K-means, (c) liver crude extract
image, (d) liver refined extract image, (e) holes filled image and (f) Final preprocessed image.
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1 BEGIN
2 for ∀𝑝 ∈ 𝑃

3 𝐼
𝑡+1

𝑝
= 𝐼
𝑡

𝑝
;

4 𝜃
𝑡+1

𝑝
= 𝜃
𝑡

𝑝
;

5 for ∀𝑞 ∈ 𝑁(𝑝)

6 if 𝑔 (







→

𝐶
𝑝
−

→

𝐶
𝑞






2

) ⋅ 𝜃
𝑡

𝑞
> 𝜃
𝑡

𝑝

7 𝐼
𝑡+1

𝑝
= 𝐼
𝑡

𝑞
;

8 𝜃
𝑡

𝑝+1
= 𝑔 (








→

𝐶
𝑝
−

→

𝐶
𝑞






2

) ⋅ 𝜃
𝑡

𝑞

9 END if
10 END for
11 END for
12 END

Algorithm 1: Function Automata evolution rule.

labelled with −1 will belong to background area.The iteration
procedure is shown in Algorithm 1.

Here, 𝑔 is a monotonous decreasing function bounded to
[0, 1]. In the literature [15], the following energy function is
taken:

𝑔 (𝑥) = 1 −

𝑥

max







→

𝐶






2

. (7)

The principle of GrowCut algorithm is simple and is High
precise in image segmentation. However, there is a drawback
in it, especially for medical image with fuzzy edges. That is
its segmentation result usually accompanies with burr, which
is hard to accept for medical image process, for doctors
often diagnose diseases with the organ’s smooth degree. In
order to obtain a smooth segmentation result, the literature
[15] proposes a patulous GrowCut approach, which adds
two additional terms to the local transform function: one
is that if a cell is surrounded with too many enemies and
meets the condition that enemies𝑡(𝑝) ≥ 𝑇

1
, then it will be

allowed to attack its neighbour cells; the other is that if the
number of a cell’s neighbour enemies meets the condition
of enemies𝑡(𝑝) ≥ 𝑇

2
, it will be forcibly occupied by its

weakest neighbour enemies, even if the strength of the enemy
is weaker than the cell. The number of the enemies is defined
as

enemies𝑡 (𝑝) = max
𝑙=1,𝐾

( ∑

𝑞∈𝑁(𝑝),𝑙
𝑡

𝑞
̸=𝑙
𝑡

𝑝

𝑙) . (8)

The thresholds 𝑇
1
and 𝑇

2
control the smooth of the edge.

In GrowCut algorithm, the energy function is essentially
important to the segmentation result. A common one shown
in (7) is widely used in recent years. It only takes into
account the gray difference between the seed point and its
neighbourhood; so it can hardly make full use of the image
information for high precise medical image segmentation. In
this paper, a novel energy function is proposed to possess

better performance than the traditional one. The new energy
function is defined as

𝐵
{𝑝,𝑞}

= exp(−

(𝐼
𝑝
− 𝐼
𝑞
)

2

2𝜎
2

) ⋅

1

dist (𝑝, 𝑞)
. (9)

Here, B indicates the energy of any pixel and its neighbour-
hood in an image, 𝐼

𝑝
and 𝐼
𝑞
represent a pixel and its neighbour

pixel, respectively,𝜎2 is a covariance value between a pixel and
its neighbour pixels, and dist(𝑝, 𝑞) is the distance of a pixel
and its neighbour pixel.

The energy function (9) has two benefits: one is that it
not only considers the gray difference between two pixels, but
also takes into account the distance intense between the seed
point and its neighbour pixels. The change degree of the seed
point’s neighbour pixels increases along with the increase of
the 𝜎2. In the same way, we can get a strong competitiveness
to accelerate the competing among germs and benefit to get
a balance. The second value of the novel energy function is
that it sets the competitiveness in inverse proportion to the
distance between two pixels, which ismore conforming to the
real case of germ competition in the environment, and it is
more beneficial to solve the problem of edge detection.

2.4. Image Segmentation Based on Snakes and the Improved
GrowCut Algorithm. In this section, we will introduce our
proposed liver image segmentation algorithm based on
Snakes and the improvedGrowCut approach and discuss why
we choose Snakesmodel as the further segmentationmethod,
but not just the improved GrowCut result.

As shown in Figure 4, although a combination of K-
means and the improved GrowCut (KIGC) can obtain the
area of fuzzy edge, the edge is not smooth enough so we
need to use Snakesmodel as the precise segmentation process
method which takes the GrowCut result as initial contour.

Snakes model is a kind of active contours model [11],
which owned a line with minimized energy. The line is
constrained by both the external restrain force and the
internal image force. It finally guides the curve to the feature
region of an image, such as line or image edge, and accurately
locks its neighbour boundary.

The traditional Snakes model is a curve, which meets

𝑥 (𝑠) = [𝑥 (𝑠) , 𝑦 (𝑠)] , 𝑠 ∈ [0, 1] . (10)

This curve moves in the image space until the following
equation is minimized:

𝐸 = ∫

1

0

1

2

(𝛼






𝑥


(𝑠)







2

+ 𝛽






𝑥


(𝑠)







2

) + 𝐸ext (𝑥 (𝑠)) 𝑑𝑠. (11)

Here, 𝛼 and 𝛽 are, respectively, the weight parameters
of the opening degree and hardness, 𝑥(𝑠) and 𝑥



(𝑠) are,
respectively, the first order derivative and the second-order
derivative. The external energy of Snakes model comes from
the image; so it should obtain a lesser value in the region of
interest of an image and it should drag the curve to the edge
of an image. A typical external energy function is shown as

𝐸ext (𝑥, 𝑦) = −




∇ (𝐺
𝜎
(𝑥, 𝑦) ∗ 𝐼 (𝑥, 𝑦))






2 (12)
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(a) (b)

Figure 4: GrowCut segmentation results. (a) Original image; (b) result image of KIGC.

Here, 𝐺
𝜎
(𝑥, 𝑦) is a 2D Gaussian function, whose root mean

square deviation is 𝜎. ∇ is a gradient operators. From (12), we
can see that if the value of 𝜎 is too big, then the edge of an
image is likely to be vague. We can get the iteration formula
according to calculus of variations:

𝑋
𝑡+Δ𝑡

snake = 𝑀
−1

(𝑋
𝑡

snake − Δ𝑡

𝜕𝐸ext
𝜕𝑋
𝑡

snake
)

𝑌
𝑡+Δ𝑡

snake = 𝑀
−1

(𝑌
𝑡

snake − Δ𝑡

𝜕𝐸ext
𝜕𝑌
𝑡

snake
) .

(13)

However, there is a serious drawback in the Snakesmodel
- the attraction area of the external force is too limited, so
that a perfect result can be obtained only if the initial curve is
close to the edge of an image. To solve this drawback, there
are many improved algorithms proposed by some experts.
The most famous one is the Gradient Vector Flow (GVF)
model proposed in literature [24–26], which begins with the
calculation of a field of forces, called the GVF forces, and over
in the image domain. The GVF forces are used to drive the
Snakes, modelled as a physical object which has a resistance
to both stretching and bending, towards the boundaries of the
object.TheGVF forces are calculated by applying generalized
diffusion equations to both components of the gradient of an
image edge map. The GVF model can be expressed as

𝑤 (𝑥, 𝑦) = (𝑢 (𝑥, 𝑦) , V (𝑥, 𝑦)) . (14)

The minimized energy function is formulized as

𝐸=∬(𝑢 (𝑢
2

𝑥
+ 𝑢
2

𝑦
+ V2
𝑥
+ V2
𝑦
)+





∇𝑓






2



𝑤 (𝑥, 𝑦) − ∇𝑓






2

) 𝑑𝑥 𝑑𝑦.

(15)

Here, the function of the item 𝑢(𝑢
2

𝑥
+ 𝑢
2

𝑦
+ V2
𝑥
+ V2
𝑦
) is

to smooth an image, 𝑢
𝑥
, 𝑢
𝑦
, V
𝑥
, V
𝑦
are, respectively, partial

derivatives of 𝑢, V to 𝑥 and 𝑦, and 𝑢 is a regulative parameter.

Based on the calculus of variations, we can get the following
equation:

𝑢∇
2

𝑢 − (𝑢 − 𝑓
𝑥
) (𝑓
2

𝑥
+ 𝑓
2

𝑦
) = 0

𝑢∇
2V − (V − 𝑓

𝑥
) (𝑓
2

𝑥
+ 𝑓
2

𝑦
) = 0.

(16)

An image segmentation algorithm based on the Snakes
model is proposed in this paper and applies with an improved
GrowCut method to serve as a preprocess. The overall
procedure of the proposed algorithm can be described as
follows. Firstly, the improved GrowCut approach is used to
segment an image roughly. Then, the edge of the above result
is extracted and serves as an initial contour of the Snakes
model. At Last, the liver region is obtained based on the
Snakes model.

3. Experiments and Discussion

The experiments with liver CT images were carried out
to demonstrate the performance of the proposed improved
approach. The experimental data are 30 abdominal CT
images with a format of DICOM derived from a 64 row CT
machine in a domestic large hospital.The spatial resolution of
each CT slice is 512×512. In order to improve the calculation
speed, we convert the DICOM images into BMP images,
whose gray level is 256. All experiments were conducted on a
computer with Pentium processor of 3GHz and memory of
1 GB.

3.1. Image Denoise Based on Wavelet Transform. In the
denoise processing based on wavelet transform, there are
mainly two factors that can affect the result of image denoise:
one is wavelet base and the other is the denoise method.
In this paper, several experiments were conducted based
on different denoise methods. Figure 4 shows the results of
different denoise methods using the same wavelet base which
can be adjusted by users.
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(a) (b)

(c) (d)

Figure 5: Results of image denoise based on different methods.

Figure 5(a) is the original image, Figure 5(b) is the
denoised image by setting high frequency coefficients zero,
Figure 5(c) is the denoised image using a fixed threshold for
high frequency coefficients, and Figure 5(d) is the denoised
image based on Bayesian threshold operation. The results
show that Figure 5(d) is better than the other methods.

3.2. Image Segmentation Based on the Improved GrowCut
Approach. To prove the universality of K-means clustering
algorithm, this paper gives a set of experimental results as
shown in Figure 6. In Figure 6, we can see that K-means
algorithm can effectively classify the liver’s region of interest
which not only improves the automaticity of selecting the
target segmentation region but also benefits by improving the
efficiency of the crude segmentation process.

Figure 7 gives the comparisons between the traditional
GrowCut approach and our improved GrowCut approach.
In Figure 7(a) is for the original images, Figure 7(b) is for
the segmentation results based on the traditional GrowCut
approach, and Figure 7(c) is for the segmentation results
based on our improved algorithm.

As shown in Figure 7(b), the boundaries of regions are
not very smooth, and many pixels around the left lobe are
misclassified. However, the result of using the improved
algorithm, as shown in Figure 7(c), demonstrates a visu-
ally significant improvement and robustness to noises. It
also preserves better edge information than the traditional
approach. The number of misclassified pixels is less than that
of the traditional algorithm. However, there still exist under-
segmentation problems in the left lobe of the liver, especially
for some CT images with complicated organs.

To prove the effectiveness of the new energy function, we
also compare the accuracy of the traditional GrowCut (TGC)
method and a combination of K-means and the improved
GrowCut (KIGC) quantitatively, as shown in Figure 8. The
precision is computed using the following equation:

precision =

2 × (𝑆
1
∩ 𝑆
2
)

𝑆
1
+ 𝑆
2

, (17)

where 𝑆
1
denotes the segmentation results and 𝑆

2
is the

manual segmentation results by a doctor.
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(a) (b)

Figure 6: K-means clustering algorithm.

(a) (b) (c)

Figure 7: Comparisons between the tradition GrowCut and our improved approach.
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Figure 8: The accuracy comparison of TGC and KIGC.

In Figure 8, the accuracy is the average accuracy of each
slice of 30 group image.

However, for some slices, our method does not improve
the efficiency obviously. After K-means clustering, we can get
a smaller liver boundary rectangle as an input to GrowCut
segmentation. This can will reduce the bacterial ecological
space of GrowCut and will greatly improve the efficiency.
The traditional GrowCut and GrowCut based on K-means
clustering image segmentation results are shown in Figure 9.

Figures 9(a) and 9(b) are two different liver images,
Figures 9(c) and 9(d) are, respectively, theK-means clustering
result image for the two images, and Figures 9(e) and 9(f)
correspond to the segmentation result. When using the
same marked points, traditional GrowCut and the one using
K-means clustering obtain the same segmentation results.
Although K-means-GrowCut method does not improve the
accuracy, it can greatly reduce the segmentation time.

To prove the efficiency, we compare the segmentation
time of traditional GrowCut (TGC) and the improved Grow-
Cut using K-means preprocessing (KIGC). As shown in
Figure 10, the time is the average time of three slices of 30
group CTDICOM images.The final experiment results show
that the segmentation time can be reduced greatly when we
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Figure 9: Comparisons of liver segmentation based on GrowCut and KIGC.

use K-means as a preprocessing method because of reducing
other interference organs in abdomen CT image, as shown in
Figure 6.

Table 1 gives a contrast result of segmentation time and
spatial resolution between the traditional GrowCut and our

improved GrowCut algorithm. It explains the effectiveness
of using K-means clustering in the respect of specific spatial
resolution. Although the improved GrowCut using the new
energy function cannot improve the time efficiency, which
is achieved mainly by using K-means clustering, we just
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Figure 10: The comparison of segmentation time using and not using K-means.

(a) (b) (c) (d) (e)

Figure 11: Segmentation results of two medical images based on the KIGC approach and KIGC-Snake algorithm.

Table 1: Comparison of spatial resolution and segmentation time between the traditional GrowCut and our improved algorithm.

Data Model Spatial resolution Time/s

Slice 1 GrowCut 128 × 128 12.94
Improved GrowCut 70 × 58 0.78

Slice 2 GrowCut 128 × 128 13.23
Improved GrowCut 34 × 62 0.46

Slice 3 GrowCut 128 × 128 11.88
Improved GrowCut 63 × 51 0.71
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(a) (b)

(c) (d)

Figure 12: 3D reconstruction results of our methods.

compare the segmentation time of traditional GrowCut and
the improved GrowCut not including the time of K-means
clustering to prove how K-means has a great influence on the
whole method’s efficiency.

As shown in Table 1, the spatial resolutions of three
initial images are all 128 × 128, and after a K-means cluster
operation, the spatial resolution of the disjunctive rectangles
are reduced to 70 × 58, 34 × 62, and 63 × 51 respectively.
The time represents the interval from the start of human
interactive operation selecting seed and background points
to end of the stop of the iteration. The results also show that
the improved GrowCut algorithm is much faster than the
traditional GrowCut algorithm.

3.3. Image Segmentation Based on KIGC-Snake Algorithm.
Figure 11 gives three sets of the comparison experiment
results. Figure 11(a) is for the original images, Figure 11(d)
is for the segmentation results based on the traditional
GrowCut approach, Figure 11(c) is for the segmentation result
of our proposed algorithm KIGC-Snake, Figure 11(d) is,

respectively, the local magnified image of Figures 11(b), and
11(e) is, respectively, the localmagnified image of Figure 11(c).

As shown in Figure 11, the segmentation results of our
proposed algorithm in Figure 11(c), are much better than the
results of KIGC approach in Figure 11(b). From Figures 11(d)
and 11(e), we can see that the edges of our results are much
better than the one not using Snakes model.

Figure 12 shows the liver three-dimensional reconstruc-
tion results based on our proposed method. Figures 12(a)
and 12(c) are the three-dimensional reconstructions results
of accurate liver segmentation. Figures 12(b) and 12(d) are
the ones of the proposed method. Overall, compared with
the accurate segmentation results (golden standard), the
proposed method segmentation results are also good and
there is no large error. From the detail view, comparing
Figures 12(c) and 12(d) we can find that the proposedmethod
can obtain a smooth liver three-dimensionalmodel and other
organizations’ adhesions of its central location in the liver are
very small. In contrast to Figures 12(a) and 12(b), our method
has obvious segmentation problem in the position of the left
hepatic lobe.
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4. Conclusions

In this paper, a novel image segmentation algorithm based
on the Snakes-GrowCut model is proposed for the liver
segmentation in the abdominal CT images. According to
the traditional GrowCut method, a new energy function is
proposed based on graph theory to meet the high precise
medical image segmentation, which not only considers the
different intense between the seed point and its neighbour
pixels, but also sets the competitiveness in inverse proportion
to the distance between two pixels. Moreover, a pretreatment
process through the K-means algorithm is conducted to
reduce the running time. In additions, the multiple labels are
taken in the improved GrowCut algorithm to get multiple
organ segmentation results in a single operation. Lastly,
Snakes model is used to conduct a precise segmentation
by using the result obtained from the improved GrowCut
approach. Several experiments with liver CT images are
carried out to demonstrate the performance of the proposed
improved approach. The experimental results show that the
proposed approach not only has a better robustness and
precision but also ismuch faster than the traditionalGrowCut
algorithm.
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This paper proposes a novel semiautomatic method to extract the pancreas from abdominal CT images. Traditional level set and
region growing methods that request locating initial contour near the final boundary of object have problem of leakage to nearby
tissues of pancreas region. The proposed method consists of a customized fast-marching level set method which generates an
optimal initial pancreas region to solve the problem that the level set method is sensitive to the initial contour location and a
modified distance regularized level set method which extracts accurate pancreas.The novelty in our method is the proper selection
and combination of level set methods, furthermore an energy-decrement algorithm and an energy-tune algorithm are proposed
to reduce the negative impact of bonding force caused by connected tissue whose intensity is similar with pancreas. As a result,
our method overcomes the shortages of oversegmentation at weak boundary and can accurately extract pancreas from CT images.
The proposedmethod is compared to other five state-of-the-art medical image segmentationmethods based on a CT image dataset
which contains abdominal images from 10 patients.The evaluated results demonstrate that ourmethod outperforms othermethods
by achieving higher accuracy and making less false segmentation in pancreas extraction.

1. Introduction

Pancreas extraction is a highly demanded tool for computer-
aided diagnosis, since it is the fundamental step for further
medical image processing such as pancreatic cancer analysis,
pancreas lesion detection, and pancreas three-dimensional
visualization. Pancreatic disease like pancreatic cancer has
high mortality rate and is difficult to timely check out and
treat [1]. Patients are commonly examined using abdominal
computerized tomography, and pancreas extraction from CT
image can improve a variety of clinical applications. However,
medical images are often impacted by noise and distortion,
which causes difficulties to apply conventional segmentation
methods, such as edge detectionmethods and region growing
methods [2] to extract pancreas.

Various semiautomated methods are proposed to solve
the segmentation problem. A well-known active contour
model called snake [3] is proposed.Thismodel first initializes
a dynamic parametric contour around the object; then the
curve evolutes to objective boundary under the impact of an
energy function which contains terms of bending force, rigid

force, and image force. However it is sensitive to the initial
conditions and has topological problem.

To overcome this problem, the level set approach has
been proposed by Osher and Sethian [4]. Level set method
embeds active contour as zero level set of a time-dependent
level set function [5], and evaluation of contours is implicitly
achieved through updating level set function by minimizing
an energy function. Level set methods can represent complex
topology of contours and handle topological changes in a
natural and effective way. Inspired by these advantages, many
classical level set framework-based segmentation methods
are proposed by researchers. Among these models, the
geodesic active contour (GAC) [6] model is represented as
a paradigm for boundary-based segmentation methods, and
C-V model [7] is regarded as a paradigm for region-based
segmentation methods.

GAC model introduces a geodesic distance term, which
contributes to pulling back the contour when it crosses the
boundary of the object. This model partly reduces influence
of weak boundary. C-V model is a globally optimized active
contour model based on region information. It is more
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resisted to noise and suitable for global segmentation of
weak gradient images. In addition, additive operator splitting
(AOS) approach [8] is used in these models to reduce
numerical errors in evaluation. Since level set methods
usually need amount of computation, some well-known fast-
marching methods [9–11] were proposed to speed up the
processing. Moreover, a hybrid level set method [12] which
combines both boundary and region information to achieve
segmentation result was developed in present study. It utilizes
a predefined parameter to indicate the lower bound of the
gray level of the target object in region term. Its boundary
term is similar with the one in GAC method. However the
predefined parameter is not easy to be accurately defined and
reinitialization of zero level set is needed.

Up to now, segmentation of pancreas region in CT images
is still a big challenge. Surrounding of pancreas is usu-
ally complicated. Pancreas is always connected to neighbor
organs and its boundary is fuzzy, even cannot be visually dis-
tinguished in most cases. The low contrast between pancreas
and surrounded organs causes huge difficulties to extract the
pancreas. All aforementioned level set methods have a prob-
lem of leakages into nearby tissue in segmentation results.

This paper proposes a novel hybrid method for pancreas
segmentation. The main purpose is to overcome the leakage
problem, get better accuracy, and improve time efficiency.
The main contribution of our method is the proper selection
and combination of level set methods. A fast-marching level
set method not only improves the time efficiency but also
generates an optimal initial pancreas region to solve the
problem that level set methods are sensitive to the initial
contour location. Moreover, the modified regularization level
setmethod ensures the accuracy of segmentation.Thenovelty
in our method is that an energy-decrement algorithm and
an energy-tune algorithm are proposed to modify level set
methods. The energy-decrement algorithm optimizes fast-
marching level set and reduces the leakage probability of the
initial pancreas region.The energy-tune algorithm optimizes
original distance regularization level set method, regards
initial pancreas region as energy source to turn energy
distribution of edge feature, and finally overcomes the over
segmentation problem.

The accuracy of the proposed method is compared to
region growing method [2], GAC model [6], C-V model [7],
fast-marching method [9], and combined level set method
[12]. Three measures, (1) false-positive error (FPE), (2) false-
negative error (FNE), and (3) the similarity index (SI), are
used as evaluated standards of accuracy. Moreover, pancreas
regions which are manually extracted by experienced radiol-
ogists are taken as the golden standard.

The rest of this paper is arranged as follows.The proposed
method is explained in Section 2. Dataset used in this paper is
introduce in Section 3. Results and discussion of our method
is presented in Section 4. Section 5 concludes this paper and
expounds our future work.

2. Materials and Methods

The novel hybrid pancreas segmentation method combines
a first-marching level set method and a modified distance

regularized level set (MDRLS) method. TheMDRLS method
exploits a distant regularized level set evolution (DRLSE)
schemeproposed in [13]. SinceMDRLS eliminates the need of
reinitialization of level set function via inherently maintain-
ing a signed distance profile near the zero level set, it is able to
provide accurate numerical calculation in level set evolution.
Moreover, an energy-tune function employed inMDRLS can
weaken the bonding force which appears in weak boundary
area. Therefore, the MDRLS can overcome the shortage of
oversegmentation in weak boundary region and can keep a
stable evolution even in complex texture surroundings of the
pancreas.

However, MDRLS needs amount of computation, and
level set evolution is sensitive to initial position of the zero
level set contour. A nonideal initial position reduces the
accuracy of segmentation and increases the calculation time.
In order to solve these problems, a customized fast-marching
level set method based onmultiple seeds is used to provide an
optimal initial pancreas region for the MDRLS method and
improves the efficiency of computing. The initial pancreas
region is generated based on gradient features of pancreas,
so it is adapted for pancreas texture structure. Moreover
it covers different parts of pancreas region due to multiple
seeds. Besides, an energy-decrement algorithm is applied
to preserve the initial pancreas region from leaking into
nearby tissues. The initial pancreas region generated by fast-
marching method is optimal and meets the requirement of
initial contour position of zero level set.

Therefore, the proposed hybrid level set method is time
effective and able to achieve accurate segmentation results in
pancreas extraction fromCT images.The collaboration of the
two levelmethods and the energy-tune algorithm is described
as follows (Figure 1).

(1) First an anisotropic diffusion filter is used to denoise
the input CT image.

(2) A gradient magnitude filter generates the gradient
map of the denoised CT image.

(3) A sigmoid filter forms an edge feature image based on
the gradient map.

(4) The energy-decrement filter optimizes the edge fea-
ture image to form an edge energy map based on
standard lines.

(5) Then the edge energy map is applied to modify fast-
marching level set which generates an optimal initial
pancreas region.

(6) An energy-tune filter applies an energy-tune algo-
rithm to adjust the gradient map of CT image to
generate an energy feature map.

(7) The energy feature map is used to modify distance
regularized level setmethod.Then the actual pancreas
is extracted using modified distance regularized level
set method based on initial pancreas region.

(8) Finally the actual pancreas is thresholded and
smoothed.

The details of the aforementioned processing are
described in the remaining content of this section.
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Figure 1: Collaboration diagram for the novel hybrid level set method applied to a segmentation task.

2.1. Denoising of CT Image. Since the intensity distribution
of the pancreas is irregular due to the noise caused in
the image formation stage, the abdominal CT images are
necessarily denoised in preprocess. Moreover, boundaries
of pancreas region which connect to neighboring organs
are usually fuzzy. The important edges are easily blurred
and detail of organs is significantly lost after the CT image
is smoothed using a simple Gaussian filter. Therefore, a
modified curvature diffusion equation (MCDE) [14] based
anisotropic diffusion filter [15] is employed to reduce the
influence of noisewhile preserving the boundaries and details
of organs.

2.2. Energy-Decrement and Energy-Tune Algorithm. Seg-
mentation results of fast-marching are significantly impacted
by the contour propagation speed map (Figure 2(e)) and are
easy to leak into nearby tissues in a weak boundary. A simple
energy-decrement algorithm is proposed to prevent initial
pancreas region generated by fast-marching level method
beyond the authentic pancreas region. A precondition of the
algorithm is that a standard line is drawn by the physician.
The standard line is used to define the coupling area and
separates two organs (Figure 2(b)). The energy-decrement
function is defined by

𝐸
𝑠
(𝑖, 𝑗) = {

𝐼min 𝐷
𝑙
(𝑖, 𝑗) < 𝑇

𝑑

𝐼 (𝑖, 𝑗) otherwise,
(1)

where 𝐼min is the minimum value of contour propagation
speed map. 𝐷

𝑙
(𝑖, 𝑗) is the shortest distance of pixel (𝑖, 𝑗) to

standard line. 𝑇
𝑑
is a distance threshold. If a distance of

pixel to standard line is less than 𝑇
𝑑
, that means it is closed

to standard line, its energy is set as the minimum value of

contour propagation speed map. Energy map 𝐸
𝑠
is used as

feature map instead of contour propagation speed map in
fast-marching level set method.

An energy-tune scheme is employed to support the level
set function (LSF) evolution in modified distance regularized
level set (MDRLS) method. An edge indicator function 𝑔 is
defined to obtain edge feature map as follows:

𝑔 ≜

1

1 + 𝑔
2

𝑚

, (2)

where 𝑔
𝑚
is gradient magnitude of the CT image which has

been preprocessed. This function 𝑔 normally takes smaller
value at boundaries of object than at any other location. It
resists noise. Its values belong to [0, 1].

Since edges located in connected regions between pan-
creas and its adjacent organs are weak, even fractured, the
edge indicator is likely to set a large value at weak boundaries.
This leads to oversegmentation in level set evolution.

Pancreas and other organs have high energy after pro-
cessing by edge indicator. It is assumed that the boundary
regions which have high energy are caused by energy leaking
of organs. An energy-tune algorithm is proposed to decay
leaked energy in boundary regions. It restrains oversegmen-
tation caused by bonding force. It is considered that the closer
a pixel is to the energy source, the more energy it obtains.
The initial pancreas region generated using fast-marching is
considered as energy source. Besides, the standard line is also
applied to label the intensity similar area between two organs.

The energy of each pixel that comes from energy source
is defined as

𝐸 (𝑖, 𝑗) = ∑

(𝑖0 ,𝑗0)∈𝑅0

𝑒
−(𝐷(𝑝

𝑖,𝑗
,𝑝
𝑖
0
,𝑗
0
)/𝜎)

𝑔 (𝑖
0
, 𝑗
0
) , (3)
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(a) Original image (b) Seed point and standard line

(c) Denoised image (d) Gradient magnitude of image

(e) Contour propagation speed map (f) Speed map after energy decrement

Figure 2: Denoising of image and feature maps of CT image. (a) Is original CT image, (b) is selection of seed points and standard line
definition, (c) is denoised image processed by anisotropic diffusion filter, (d) is gradient magnitude map, (e) is edge feature map, which is
employed in fast-marching level method, and (f) is energy map generated by decrement energy of speed map.

where 𝐸(𝑖, 𝑗) is energy of pixel (𝑖, 𝑗). 𝑅
0
is energy source.

𝐷(𝑝
𝑖,𝑗
, 𝑝
𝑖
0
,𝑗
0

) is Euclidean distance between pixel (𝑖
0
, 𝑗
0
) of

energy source and pixel (𝑖, 𝑗).𝑔 is edge featuremap.The closer
a pixel is to energy source, the larger energy it absorbs from
the energy source.

The energy-tune function is defined by

𝐸
𝑡
(𝑖, 𝑗) =

{
{
{
{
{
{

{
{
{
{
{
{

{

min(1, 1
𝑛

𝛼𝐸 (𝑖, 𝑗) + 𝑔 (𝑖, 𝑗)) if (𝑖, 𝑗) ∈ 𝑅
0

max(0, 𝑔 (𝑖, 𝑗) −
𝛽𝐸 (𝑖, 𝑗)

𝐷
𝑙
(𝑖, 𝑗)

) if 𝐷
𝑙
≤ 𝐷
𝑟

𝑔 (𝑖, 𝑗) otherwise,
(4)

where 𝐸
𝑡
(𝑖, 𝑗) is adjusted energy of pixel (𝑖, 𝑗). 𝑅

0
is energy

source. 𝑛 is total number of pixels in energy source. 𝐷
𝑙
is

shortest distance of pixel (𝑖, 𝑗) to standard line. Similarly 𝐷
𝑟

is shortest distance of pixel (𝑖, 𝑗) to energy source. 𝑔 is edge
feature map. 𝛼 and 𝛽 are parameters to control energy tune.

The energy-tune function decays the energy of pixels
closed to standard line but far from energy source, but
enhances the energy of pixels that belong to the initial
pancreas region. Moreover, we also propose an automatic
energy-tune algorithm, which does not depend on standard
line. The initial pancreas region is still regarded as energy
source. A distance threshold 𝐷

𝑡
is defined to partition

the energy tune area. If the shortest distance of a pixel
to energy source is farther than threshold, its energy will
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be significantly decayed. Energy of pixels whose shortest
distance to energy source belongs to [0, 𝐷

𝑡
] is adjusted by the

following equation:

𝐸
𝑡
(𝑖, 𝑗) =

{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{

{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{
{

{

min(1, 𝑔 (𝑖, 𝑗)

+𝛼

1

𝑛

𝐸 (𝑖, 𝑗)) (𝑖, 𝑗) ∈ 𝑅
0

max(0, 𝑔 (𝑖, 𝑗)

−

1

𝐷
𝑟
(𝑖, 𝑗) − 𝐷

𝑡

×𝛽𝐸 (𝑖, 𝑗) ) 𝐷
𝑟
(𝑖, 𝑗) > 𝐷

𝑡

1

1 + 𝐷
𝑟
(𝑖, 𝑗) /𝐷

𝑡

𝑔 (𝑖, 𝑗) 0 < 𝐷
𝑟
(𝑖, 𝑗) < 𝐷

𝑡

𝑔 (𝑖, 𝑗) otherwise,
(5)

where𝐷
𝑡
is the distance threshold. 𝑅

0
is energy source.𝐷

𝑟
is

shortest distance of pixel (𝑖, 𝑗) to energy source. 𝛼 and 𝛽 are
parameters to control energy tune. 𝑔 is edge feature map.

It is specially stated that if a standard line is not drawn by
the physician, the energy-decrement function cannot work.
Moreover, the automatic energy-tune scheme is employed in
MDRLS when the standard line is not defined by physician.

2.3. Initial Pancreas Region Extraction. An optimal initial
pancreas region in the denoisedCT image is generated using a
fast-marching level setmethod based onmultiple seed points.
The fast-marching level set method consists of five steps:

(1) calculation of intensity gradient magnitude,
(2) calculation of contour propagation speed map based

on gradient magnitude,
(3) calculation of energy map using energy-decrement

algorithm based on contour propagation map,
(4) calculation of time-crossing map which indicates, for

each pixel, how much time it would take for the front
to arrive at the pixel location,

(5) generation of the optimal initial pancreas region
based on time-crossing map.

First, magnitude of the image gradient at each pixel
location is computed. The image is smoothed by convolving
it with a Gaussian kernel and then applied a differential
operator to generate gradient magnitude. An infinite impulse
response filter [16] that approximates a convolution with
the derivative of the Gaussian kernel is employed in the
computational process.

Second, a sigmoid filter [17] is applied to calculate the
active contour propagation speed map based on the gradient
magnitude. Sigmoid intensity transformation is represented
by the following equation:

𝐼 (𝑥, 𝑦) = (Max−Min) 1

1 + 𝑒
−((𝑔
𝑚
(𝑥,𝑦)−𝛽)/𝛼)

+Min, (6)

where Min and Max are the minimum and maximum values
of the output value of sigmoid filter. 𝑔

𝑚
(𝑥, 𝑦) is gradient

magnitude at pixel (𝑥, 𝑦). 𝛼 defines the width of the gradient
magnitude range, and 𝛽 defines the gradient magnitude
around which the range is centered; they are used to control
exaggerating of intensity differences between pancreas and
other organs. Min is always set to 0 and Max is set to 1.

Third, the contour propagation map is processing
using energy-decrement algorithm to form energy map
(Figure 3(f)).

Then time-crossing map which indicates the arrival time
of the active contour propagation at each pixel was calculated
using a fast scheme. Let 𝑇(𝑥, 𝑦) be the time at which the
curve crosses the point (𝑥, 𝑦).The surface𝑇(𝑥, 𝑦) satisfies the
following equation:

|∇𝑇| 𝐸
𝑡
= 1, (7)

where 𝐸
𝑡
is energy map. If standard line is not defined, 𝐸

𝑡
is

replaced by contour propagation speed map 𝐼.
Finally, an optimal initial pancreas region is extracted by

defining a time threshold to take a snapshot of the contour at
a particular time during its evolution from the time-crossing
map.

2.4. Modified Distance Regularized Level Set Method. The
actual pancreas region is extracted using a modified distance
regularized level set method based on the initial pancreas
region.

An original distance regularization level set evolution is
proposed in [13] and the energy function of level set is defined
by

𝐸 (𝜙) = 𝜇𝑅
𝑝
(𝜙) + 𝛽𝜂 (𝜙) , (8)

where 𝜇 > 0 is a constant. 𝑅
𝑝
(𝜙) is level set distance

regularization term, and 𝜂(𝜙) is external force term. 𝑅
𝑝
(𝜙) is

defined by

𝑅
𝑝
(𝜙) ≜ ∫

Ω

𝑝 (




∇𝜙




) 𝑑𝑥, (9)

where 𝑝 is a double-well potential function for the distance
regularization term 𝑅

𝑝
and is constructed as

𝑝 (𝑠) =

{
{
{

{
{
{

{

1

(2𝜋)
2
(1 − cos (2𝜋𝑠)) , if 𝑠 ≤ 1

1

2

(𝑠 − 1)
2

, if 𝑠 > 1.
(10)

In order to decrease leakages to nearby tissues in seg-
mentation results, a modified distance regularization level set
method, based on the energy-tune algorithm, is proposed.
The energy-tune algorithm is used to modify the original
distance regularization level set method.The energy function
𝐸(𝜙) for themodified level set function𝜙 : Ω → R is defined
by

𝐸 (𝜙) = 𝜇𝑅
𝑝
(𝜙)

+ 𝜆∫

Ω

𝐸
𝑡
𝛿
𝜀
(𝜙)





∇𝜙




𝑑𝑥 + 𝛼∫

Ω

𝐸
𝑡
𝐻
𝜀
(−𝜙) 𝑑𝑥,

(11)
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(a) Original image (b) Seed points and standard line

(c) Initial pancreas region (d) Edge feature map

(e) Edge feature map after energy tune based on
standard line

(f) Edge feature map after energy tune without stan-
dard line

Figure 3: Energy-tune results based on initial pancreas region. (a) Is original image. (b) Is selection of seed points and standard line. (c)
Shows initial pancreas region which is regarded as energy source. (d) Is edge feature map. (e)The energy tune based on standard line reduces
the energy of pixels near standard line and enhances energy of pixels inside initial pancreas region. (f) Automatic energy tune reduces energy
of pixels of which distance to energy source is larger than the distance threshold.

where 𝜇 > 0 is a constant.The second energy term represents
edge force which pushes the curve towards the boundaries
of the object. It makes the initial contour move faster and
closer to the boundaries of an object. It is minimized when
the contour of zero level set is located at boundaries of object.
𝐸
𝑡
is the energy feature map that is used to optimize the level

set function.
Moreover, in function (11) 𝜆 > 0 and 𝛼 ∈ R are

coefficients to control the weight of external energy. 𝛿
𝜀
and

𝐻
𝜀
are smooth functions in level set methods proposed in

[18, 19]. Moreover,𝐻
𝜀
= 𝛿
𝜀
and 𝜀 is set to 1.5.

𝛿
𝜀
(𝑥) =

{

{

{

1

2𝜀

[1 + cos(𝜋𝑥
𝜀

)] |𝑥| ≤ 𝜀

0 |𝑥| > 𝜀,

𝐻
𝜀
(𝑥) =

{
{
{
{

{
{
{
{

{

1

2

(1 +

𝑥

𝜀

+

1

𝜋

sin(𝜋𝑥
𝜀

)) |𝑥| ≤ 𝜀

1 𝑥 > 𝜀

0 𝑥 < −𝜀.

(12)
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The third energy term represents area force which is
necessarily employed to speed up the propagation motion
of zero level set when the initial contour is far away from
the desired object boundaries. The propagation speed of the
zero level set contour would slow down when it closes to
object boundaries, since energy map 𝐸

𝑡
takes small value at

the boundaries.
The initial pancreas region is used to construct initial level

set function (LSF) 𝜙
0
as a binary step function.

Consider

𝜙
0
(𝑥) = {

−𝑐, if 𝑥 ∈ 𝑅
0

𝑐, otherwise,
(13)

where 𝑐 > 0 is a constant and 𝑅
0
is the initial pancreas region.

𝑐 is always positive in pancreas segmentation.
The level set evolution equation in MDRLS formulation

is finally defined by

𝜕𝜙

𝜕𝑡

= 𝜇 div (𝑑
𝑝
(




∇𝜙




∇𝜙) + 𝜆𝛿

𝜀
(𝜙) div(𝐸

𝑡

∇𝜙





∇𝜙





)

+ 𝛼𝐸
𝑡
𝛿
𝜀
(𝜙) ,

(14)

where div (⋅) is the divergence operator and 𝑑
𝑝
is a function

defined in [13]:

𝑑
𝑝
(𝑠) ≜

𝑝


(𝑠)

𝑠

. (15)

The distance regularization term is able to intrinsically
maintain a signed distance profile near the zero level set and
eliminates the need for reinitialization of level set function.
Therefore, induced numerical errors caused by reinitializa-
tion are avoided. Besides, edge-based active contour model is
an advantage in optimal segmentation of local object. Thus,
the edge-based active contour model in MDRLS formulation
is more suitable for pancreas segmentation under the com-
plicated surrounding due to stable and accurate numerical
computation.

2.5. Actual Pancreas Region Extraction. In practical pancreas
region extraction process, a two-phase-segmentation scheme
is employed based on the edge-based MDRLS level set
method. The first phase can be seen as a high speed level set
evolution, and the second phase can be seen as a high accurate
zero level set contour evolution. Two iteration numbers, an
interiteration number and an outeriteration number, are,
respectively, applied in different phases.

In the first phase, the zero level set is initialized as a
binary step function in accordance with the function (3).
Since intensity distribution of pancreas region is irregular and
boundary is usually not well defined, a small coefficient 𝛼
is set to −1 for the energy term ∫

Ω

𝐸
𝑡
𝐻
𝜀
(−𝜙)𝑑𝑥 in order to

prevent contour from expanding too rapidly and preserve the
zero level set contour from crossing the boundary of pancreas
region. 𝜆 is usually set larger than 𝜇. A relatively large weight
is assigned to energy term ∫

Ω

𝐸
𝑡
𝛿
𝜀
(𝜙)|∇𝜙|𝑑𝑥 that means a

stronger constraint force of boundary pushes zero level set

curve towards boundary while limiting the oversegmentation
of pancreas region. The interiteration is used to define the
level set evolution time in first phase.

After first phase evolution, the zero level set contour is
closed to the object boundary. In the second phase, the main
purpose is to accurately extract the pancreas region.The level
set evolution equation is reset as

𝜕𝜙

𝜕𝑡

= 𝜇 div (𝑑
𝑝
(




∇𝜙




∇𝜙) + 𝜆𝛿

𝜀
(𝜙) div(𝐸

𝑡

∇𝜙
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) . (16)

The energy term ∫
Ω

𝐸
𝑡
𝐻
𝜀
(−𝜙)𝑑𝑥 which is used to speed

up the motion of zero level set contour is abolished by setting
𝛼 = 0, since a high speed expanding is likely to make
the contour across the object boundary and then causes
oversegmentation. Level set evolution is dominated by edge
force in second phase. The outeriteration is used to define
evolution time.

The actual pancreas region is finally optimized by using
open operation and closing operation to smooth the bound-
ary of pancreas while keeping the original shape. The small
holes inside the pancreas region are filled, and the tiny noise
is eliminated.

3. Pancreas Dataset

Thepancreas datasets that contain 960CT images of pancreas
that come from 10 patients are used in evolution. All images
are provided by PLA General Hospital, Shenyang, China.
These CT images in pancreas datasets have a resolution of
515 × 512 pixels with a thickness varied between 0.6mmand
0.7mm.Each image in the datasets is provided corresponding
golden standard manually delineated by experienced radiol-
ogists.

4. Results and Discussion

The proposed hybrid level set method was compared to
confident connected region growing method (CCRG) [2],
geodesic active contour method (GAC) [6], geodesic active
without edge method (C-V) [7], fast-marching method (F-
M) [9], and a combined edge-region level set method (CER)
[12]. Our method which depends on standard line is referred
to as FMDSL-SL. It is referred to as FMDSL-WSL when it is
not based on standard line. Our method, GAC method, fast-
marching method, and confident connected region grow-
ing method are implemented using C/C++ language. C-V
method and CER method are implemented in MATLAB
code. All methods run on a desktop PC with 8GB RAM
and 2.4GHz Intel Core i7 processer. The same preprocess are
applied to all methods.

4.1. Performance Measure Standard. For evaluation of effi-
ciency and accuracy, three measures, (1) false-positive error
(FPE), (2) false-negative-error (FNE), and (3) the similarity
index (SI), are used to measure the performance of methods.

False-positive error [20] is defined as the ratio of the
total number of extracted pancreas region pixels outside
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4: Exemplary segmentation results of our proposed hybrid method. Red regions are segmentation results using our hybrid method,
and the yellow outline marks the golden standard.
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the golden standard region to the total number of golden
standard of pancreas region as follows:

FPE = 𝑁 (𝑂𝐵)

𝑁 (𝐺)

× 100%, (17)

where𝑂 represents the pixels of extracted pancreas region.𝐺
represents the golden standard of pancreas. 𝐵 represents the
remaining areas except the region of golden standard in the
CT image. 𝑁(𝑂𝐵) represents the total number of extracted
pancreas region pixels outside the golden standard region.
𝑁(𝐺) represents the total number of golden standard of
pancreas region.

False-negative error [20] is defined as the ratio of the
total number of golden standard of pancreas outside the
extracted pancreas region to the total number of pixels of
golden standard of pancreas region as follows:

FNE = 𝑁 (𝐺) − 𝑁 (𝑂𝐺)

𝑁 (𝐺)

× 100%, (18)

where 𝑁(𝑂𝐺) is total number of pixels in intersection of
extracted pancreas region and golden standard of pancreas.
𝑁(𝐺) − 𝑁(𝑂𝐺) is the total number of golden standard of
pancreas outside the extracted pancreas region.

Similarity index [21] is defined as the percentage of
pixels in intersection of extracted pancreas region and golden
standard of pancreas as follows:

SI = 2𝑁 (𝑂𝐺)

𝑁 (𝑂) + 𝑁 (𝐺)

× 100%, (19)

where𝑁(𝑂) is the total number of extracted pancreas region.

4.2. Evaluation and Comparison. All of the state-of-the-art
medical image segmentation methods and the proposed
method are applied to extract pancreas region from the
CT images in the same pancreas dataset. Average false-
positive error, false-negative error, and similarity index are,
respectively, computed for each compared method based on
all segmentation results of all slices from all patients. First
we calculate false-positive error, false-negative error, and
similarity index for each segmentation results of all methods.
Then average values of the three measure standard (Figures
6, 7, and 8) of each method are calculated based on their
respective segmentation results.

Through amount of experiment, we empirically define
some values of parameters of great significance to optimize
the segmentation result. In (6), 𝛼 is set to −0.5 and 𝛽 is set
to 3. The constant 𝑐 in (3) is set to 2. The interiteration is set
between 20 and 60 and outeriteration is set to between 10 and
20 in the actual pancreas segmentation processing.Moreover,
in (10) 𝑢 = 0.2, 𝜆 = 5, and 𝛼 = −1 are employed in the first
phase and 𝑢 = 0.2, 𝜆 = 5, and 𝛼 = 0 are employed in the
second phase.

In this configuration of parameters, the average similarity
index of all segmentation results can get a high rate (SI =
0.883). The segmentation results of different shape and
acreage of pancreas are controlled by adjusting the iteration

Figure 5: 3D view of the extracted pancreas region based on the
proposed hybrid level set method.

time. Moreover, the parameters can be fine tuned to adapt
with different CT images to get an optimal result.

Figure 4 shows some examples of segmentation results of
ourmethod. Extracted pancreas regions are complete and the
edges are smooth.

Figure 5 shows 3D view of the extracted pancreas using
our proposed hybrid level set method.

Figure 6 shows examples of segmentation results of differ-
ent methods to the same CT image.The red regions represent
the segmentation results, and the yellow contours represent
the golden standard of pancreas region.

Figures 7, 8, and 9 show histogram of average value of
each measure standard for all compared method. Table 1
contains accurate value of measure standards of all the
compared methods. A lower false-positive error value means
less pixels of background are segmented as pancreas region,
and a lower false-negative error value means less golden
standard of pancreas has not been extracted. Moreover, a
higher similarity index means the segmentation results are
more accurate. In summary, false-positive error and false-
negative error are lower, and the segmentation result is
more accurate. Oppositely, similarity index is higher, the
segmentation result is more accurate.

Figure 10 shows time efficiency of each evaluatedmethod.

4.3. Discussion. Evaluated results indicate that level setmeth-
ods outperformconfident connected region growing (CCRG)
method in pancreas extraction. Figure 6(f) shows that CCRG
causes serious oversegmentation and recall of pancreas is
not complete enough. Its average FPE = 1.26735 and FNE =
0.476 are too high and SI = 0.46 is lowest. Since in confident
connected region growing method, the mean and standard
deviation of intensity values are computed for all pixels which
are included in the region and then they are used to define
a range around the mean. Neighbor pixels whose intensity
values fall inside the range are accepted and included in the
region. This rule makes the intensity similar area around
pancreas easy to be classified as pancreas region. This causes
serious oversegmentation which is difficult to control.

All evaluated level set methods can be classified into
three types: (1) edge-based level set methods include our
method, fast marching method, and geodesic active contour
method, (2) region-based level set method: C-V method,
and (3) the level set method combined edge and region
information (CER). The evaluated results show that edge-
based level set methods are more effective for single organ
segmentation from a medical image which contains many
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(a) Our method (b) GAC

(c) F-M (d) C-V

(e) CER (f) CCRG

Figure 6: The samples of pancreas extraction results based on different methods. (a) is our method. (b) is geodesic active contour method.
(c) is fast-marching method. (d) is geodesic active without edge method. (e) is combined edge-region level set method. (f) is region growing
method.

other organs. Since the C-Vmethod (FPE = 0.5, FNE = 0.278)
abandons edge constraints and only pursues to achieve global
optimal segmentation result, it is difficult to get an accurate
result when the purpose of segmentation is to extract a local
organ like pancreas. The CER (FPE = 0.43, FNE = 0.23)
method utilizes both edge and region information to segment
object. It performs better than C-V method due to the edge
constraints.

The edge-based level set methods achieve the best effect
in the evaluation; in particular our hybrid method gets the
highest accuracy and makes the least false segmentation
(FPE = 0.12, FNE = 0.11, and SI = 0.88). The fast-marching
method is time efficient but usually sacrifices accuracy and
the boundary of object is not smooth and regular enough
(Figure 6(c)). The geodesic active contour method is easy to

cause oversegmentation where the boundary of pancreas is
week or even is fractured (Figure 6(b)).

The proposed hybrid level set method employs fast-
marching method which is optimized by energy-decrement
algorithm to generate optimal initial pancreas region, so
that the initial contour can be located near the final one.
The modified distance regular level set method maintains
the desired shape of level set function in evolution, so that
zero level set contour can regularly expand toward desired
locations. An energy-tune algorithm is proposed to overcome
problem of leakage in segmentation results. Moreover, a two-
phase-segmentation scheme is employed in actual pancreas
extraction process.The update of evolution function provides
an effective way to control oversegmentation. Therefore,
our hybrid method outperforms other evaluated methods
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Figure 7: False-positive error evaluation results of our method
(FMDSL-SL and FMESL-MSL), combined edge-region level set
method (CER), C-V method (C-V), fast-marching method (F-M),
geodesic active contour method (GAC), and confident connected
region growing (CCRG) method.
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Figure 8: False-negative error evaluation results of our method
(FMDSL-SL and FMESL-MSL), combined edge-region level set
method (CER), C-V method (C-V), fast-marching method (F-M),
geodesic active contour method (GAC), and confident connected
region growing (CCRG) method.
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Figure 9: Similarity index evaluation results of our method
(FMDSL-SL and FMESL-MSL), combined edge-region level set
method (CER), C-V method (C-V), fast-marching method (F-M),
geodesic active contour method (GAC), and confident connected
region growing (CCRG) method.

Table 1: Accurate evaluation values of FPE, FNE, and SI for each
method.

Method FPE FNE SI
FMDSL-SL 0.120256 0.112537 0.88384
FMESL-MSL 0.143215 0.135201 0.863634
CER 0.428885 0.227118 0.716948
C-V 0.503982 0.277937 0.669372
F-M 0.161511 0.33185 0.734745
GAC 0.321395 0.263718 0.764463
CCRG 1.26735 0.476753 0.468136

in pancreas extraction by getting higher accuracy and less
segmentation error.

On the time efficiency comparison, region growing
method is faster than level set methods. Among all evaluated
level setmethods, fast-marchingmethod is the fastest (0.197±
0.02 sec/slice); thus, it can quickly generate an optimal initial
pancreas region for MDRLS. GAC method is the second
fastest (0.465±0.05 sec/slice). Since ourmethod needs to deal
with energy tune and maintains the distance regularization
term, such that it takes 0.685 ± 0.05 sec/slice, which is slower
thanGACmethod, C-Vmethod and CERmethod needmore
calculation time due to the global information calculation.

5. Conclusion and Future Work

Theproposed hybrid level setmethod effectively incorporates
a fast-marching level set method and a modified distance
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Figure 10: Quantitative measure of time efficiency for eachmethod.
Combined edge-region level set method refers to CER, C-Vmethod
refers to C-V, fast-marching method refers to F-M, geodesic active
contour method refers to GAC, and confident connected region
growing refers to CCRG method.

regularized level set method to extract pancreas from CT
image. Our main contribution is coming up with a feasible
segmentation scheme and achieving better accuracy and time
efficiency in pancreas extraction.Our hybrid level setmethod
needs fewer and simple human-computer interaction.

Based on energy-tune algorithm, the hybrid level set
method overcomes the shortages of segmentation of object
with nonideal edges in the complex texture of medical
images. The modified distance regularized level set evolu-
tion provides stable and accurate numerical computation.
Moreover, a two-phase-segmentation scheme is employed
in MDRLS for further preventing the oversegmentation in
pancreas region of nonideal edges. A fast-marching level
set method employed in our method is able to generate
optimal initial region for MDRLS in a short time while
effectively improving segmentation speed. Therefore, the
proposed hybrid level set method not only achieves accurate
segmentation results but also is simultaneously time efficient.

In the future, we would apply the proposed hybrid level
set method to extract other organs, such as liver, spleen,
and heart. Moreover, we would utilize a priori knowledge
including shape, location, and intensity distribution to guide
the pancreas segmentation. A full-automatic algorithm is our
next research target.
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This paper presents a computationally very efficient, robust, automatic tracking method that does not require any implanted
fiducials for low-contrast tumors. First, it generates a set of motion hypotheses and computes corresponding feature vectors in
local windows within orthogonal-axis X-ray images. Then, it fits a regression model that maps features to 3D tumor motions
by minimizing geodesic distances on motion manifold. These hypotheses can be jointly generated in 3D to learn a single 3D
regression model or in 2D through back projection to learn two 2D models separately. Tumor is tracked by applying regression
to the consecutive image pairs while selecting optimal window size at every time. Evaluations are performed on orthogonal X-ray
videos of 10 patients. Comparative experimental results demonstrate superior accuracy (∼1 pixel average error) and robustness to
varying imaging artifacts and noise at the same time.

1. Introduction

Tumor tracking is an essential component of image-guided
radiation therapy (IGRT) systems for treating lung and
abdominal area tumors, which move significantly due to res-
piration. With accurate tracking, large margins added to the
planning target volumes can be eliminated, and thus, adverse
effects of radiation on healthy tissue can be minimized.
Duration of treatment sessions can be shortened considerably
by tracking tumors and applying radiation continuously.

Conventional tracking approaches determine tumor
position using internal and/or external surrogates. Often,
multiple passive (metallic) [1] and active (electromagnetic)
[2] internal fiducials are implanted around tumor to con-
tinuously monitor its motion in X-ray videos. However,
surgical implantation of such invasive internal fiducials are
harmful as they destroy healthy tissues, and patients have
greater chance of developing pneumothorax during CT-
guided fiducial placement. Besides, internal fiducials slide
and relocate during the course of multiple treatment sessions
causing uncertainty in their reference positions.

It is also possible to apply correspondence models
between external markers (chest and abdominal area point-
ers) and internal fiducials to indirectly estimate tumor posi-
tion in optical images [3, 4]. Yet, the correlation between

external markers and tumor position may be violated easily
as a result of complex respiratory biomechanics [5]. Alterna-
tively, parametricmodels of motion patterns are used to track
tumors [6]. Such methods, however, require manual labeling
of surrogate regions and tumor positions for a long period of
time in order to train models. A multiple template matching
method for X-ray images is described in [7]. It should be
noted that templatematchingmay fail for low-contrast tumor
regions where the image quality is low.

Here, we present a tumor tracking method that does not
require any invasive internal fiducials or external markers.
Unlike the traditional methods, we consider the tumor
tracking problem as a regression model fitting task between
orthogonal X-ray videos and underlying tumor motion as
illustrated in Figure 1. Our intuition is that tumor motion
in orthogonal planes can be approximated by affine motion
(or a similar parametric motion) and image features can be
linearly correlated with these tumor motion parameters. In
other words, the feature vector we compute within the tumor
region is supposed to be an indicator of the tumor motion.
For this, we use an image feature that is sensitive to motion
unlike the insensitive features such as intensity histograms
that conventional motion estimation methods often require.

We learn an online regression model, which is a single
matrix that maps image features to motion parameters using
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Figure 1: Orthogonal X-ray imaging. Due to breathing, projected
regions in sagittal and coronal X-rays move significantly up to
3∼4 cm.

the initial pair of the orthogonal X-ray images. We randomly
generate a set of 3D motion hypotheses (affine motion
matrices) around the initial tumor location. To efficiently
cover the parameter space, we generate motion hypotheses
conditioned on the respiratory biomechanics (e.g., depending
on the position of the tumor, the motion can be constrained
to be translational only).

These hypotheses map an initial support window volume
tumor in both orthogonal X-ray image pairs by simple 3D-
2D projection. In addition, we determine an optimal tracking
window size in each orthogonal view. We then compute two
image feature vectors (e.g., histogram of oriented gradients)
in the corresponding image windows, and we concatenate
these vectors.

To learn the regression model, we solve an overcomplete
least-squares fitting problem between the motion hypotheses
and concatenated feature vectors using the geodesic dis-
tances. In [8, 9], a linear regression function is consid-
ered. Since affine motion matrices constitute a Riemmanian
manifold, motion hypotheses distances should be computed
through geodesics. The benefits of using Riemmanian mani-
fold over previously used motion models in Euclidean space
(e.g., just vectorizing the motion hypothesis matrix) can be
found in [10] for nonmedical examples. We are inspired by
[10], yet we significantly extend its basic idea to 3D tumor
motion, multiple orthogonal videos, and joint feature com-
putation while further refining it with an adaptive optimal
window selection.

To estimate the current tumor position in a new X-
ray pair, we simply apply the learned regression model to
the concatenated feature vector computed in the new X-ray
images within the previous tumor windows.

Note that we track the tumor position but not its bound-
ary. Boundary tracking can be done by segmentation, regis-
tration, boundary fitting, B-splines, and so forth. However,
for a low-contrast and invisible tumor, boundary tracking
may not be possible since the tumor boundary is not distinct
from its surrounding tissues. Our method can track the posi-
tion of low-contrast tumors and does not require registration.

The presented regression method is possibly one of the
fastest tumor tracking algorithms (and the fastest that we
tested) as it only requires a feature vector and a matrix mul-
tiplication without any expensive search operation (template
matching, etc.), iterative updates (mean shift), optimization
with smoothing or total variation constraints (optical-flow),
or testing a large number of hypotheses during the tracking
process (particle filtering) as other tracking techniques. It
does not require any offline training or patient-specific
adaptation. It does not require a tumor detector either.

Extensive experiments with challenging real patient
datasets demonstrate that the proposed method is robust to
different tumor locations and very accurate for low-contrast
tumors.

2. Regression Tracking

Regression tracking learns an online regression model Ω to
correlate the observed image features X to underlying tumor
motion Y. This can be done either learning a single model in
3DEuclidean space (3DR) or learning two separate regression
models in 2D planar space then intersecting them in 3D space
(2DR).

We formulate the model learning as a fitting problem,
which finds the regression coefficientsΩ throughminimizing
the geodesic distance between the tumor motion matrices Y
and its estimates XΩ as

min
Ω

‖XΩ − Y‖2 + 𝜆‖Ω‖2, (1)

where 𝜆 determines the weight of Tikhonov regularization,
that is, preference to solutions with smaller smooth norms.
We solve (1) through ridge regression to determine Ω. The
solution is given as

Ω = (X⊤X + 𝜆I)
−1

X⊤Y. (2)

At the first image pair (𝑡 = 0) of orthogonal X-ray sequences,
we learn Ω using the initial location𝑀

0
. Then, for any given

image pair 𝑡 > 0, we simply compute a feature vector ℎ
𝑡
and

applyΩ to find the tumor position:

𝑀
𝑡
= 𝑀
𝑡−1
⋅ exp (ℎ⊤

𝑡
Ω) . (3)

A flow diagram of our method is given in Figure 2. Next,
we explain how to compute ℎ

𝑡
, X, and Y and details of our

3DR/2DR formulations.

2.1. Training. For a single X-ray sequence, the tumor motion
between two consecutive frames can be modeled as a 3 × 3
affine matrix 𝑀 (represented by 6 independent motion
parameters in 9 coefficients). We use affine motion (trans-
lation, rotation, scale change, and skew) to represent the
incrementalmovement of the tumor. Considering the biome-
chanical tissue models and respiratory mechanics, such an
affine model is an adequate model. [11] further states that the
tumormotion can bemodeled as a simpler periodic function,
featuring more time spent at the exhale phrase. When
there is no hysteresis with the patient’s respiratory system,
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Figure 2: Learning of regression model and tracking tumor.

the pathways for inspiration and expiration of one respiratory
cycle are approximately the same and almost linear. Evenwith
the presence of hysteresis, the maximum deviation between
the two pathways is usually much smaller than the distance
along the primary direction of the tumor motion. Thus, a
simple translation only motion would be sufficient in most
cases; however, we consider full affine motion in our analysis
for the completeness of the discussion.

Let 𝑀 represent the transformation from a unit square
in the object space to the affine region enclosing the target
tumor in the image space; that is, (𝑥img, 𝑦img, 1)

⊤
= 𝑀(𝑥obj,

𝑦obj, 1)
⊤. The tumor position𝑀

𝑡
at time 𝑡 can be computed

efficiently from𝑀
𝑡−1

by

𝑀
𝑡
= 𝑀
𝑡−1
⋅ Δ𝑀
𝑡
, (4)

where Δ𝑀
𝑡
is the incremental motion.

Affine motion matrices lie on a Riemmanian manifold.
This means that we cannot simply vectorize the motion
matrices to compute an Euclidean distance between them.
Geodesic distances should be measured, thus we apply Lie
group exponential map to determine Δ𝑀

𝑡

Δ𝑀
𝑡
= exp (ℎ⊤

𝑡
Ω) , (5)

where ℎ
𝑡
∈ R𝑚 is a𝑚× 1 feature vector corresponding to the

unit square in object space warped from 𝐼
𝑡
through𝑀

𝑡−1
,Ω is

a𝑚×𝑑matrix of regression coefficients, and 𝑑 is the number
of motion coefficients. For 2D (3D) affine transformation 𝑑
can be set to 6 (12) independent parameters, or all 9 (16)
coefficients of the 3 × 3 (4 × 4) affine motion matrix. In
either case, each row of Ω should be reshuffled to obtain the
corresponding motion matrix.

To find the optimal solution of (1), we first generate a
training set of 𝑛 random affine transformation hypotheses
Δ𝑀
𝑖
together with their corresponding feature vectors ℎ

0,𝑖

extracted from image 𝐼
0
, as shown in Figure 3. Then, we con-

struct X and Y as

X = (ℎ
0,1

⊤
; . . . ; ℎ

0,𝑛

⊤
)
𝑛×𝑚

,

Y = ((logΔ𝑀
1
)
⊤
; . . . ; (logΔ𝑀

𝑛
)
⊤
)
𝑛×𝑑

.

(6)

Keep in mind that we generate more hypotheses than the
feature vector size and significantly more than the number of
motion parameters. This means that we obtain an overcom-
plete system of equations in above minimization. Random
sampling serves to achieve an effective and reliable training
set and avoid overfitting. One can also quantize the motion
space and use those quantized motion parameter values in
training. We observed that the value of 𝑛 has little impact on
the performance as long as it is larger than the feature vector
dimension; that is, 𝑛 > 𝑚. In our experiments, we set 𝑛 = 600
for the 2D regression algorithm.

Since the incremental motion of the tumor is small [11],
we can also limit the sampling bounds using the maximum
translational and rotational motion constraints typical for
tumor motion. This not only improves the tracking accuracy
but also stabilizes the tumor trajectories by removing possible
jitters.

We use Histograms of Oriented Gradients (HOG) to
describe the tumor window features ℎ

𝑡
. HOG has 8-bin

histograms for each 5 × 5 block within the tracking window,
concatenated into a single column vector.

During the tracking process, the model Ω can be
relearned to adapt changes if necessary. In our simulations
we have not observed any drift or model distortion issue with
only one training at the initialization.

Note that the regression model Ω built using the first
images of the orthogonal sequences where the initial tumor
position is given (by table alignment, etc). Then, it auto-
matically tracks the tumor in the newly given images. Our
learningmethod is blind to patient data; it does not make any
patient-specific assumption or require any patient-specific
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Figure 3: Affine transformation𝑀
0
maps a unit square from object space to image space. We generate 𝑛 training hypotheses Δ𝑀−1

𝑖
in object

space and compute corresponding features in image space.

information. It does not use any offline training and does not
require manual marking of the tumor trajectory either.

For 512 × 512 image resolution, automatic generation of
motion hypotheses, computing the corresponding concate-
nated feature vectors and solving ridge regression, takes 0.05
seconds.

2.2. 3D Regression (3DR). To learn a joint regression model
that correlates the 3D tumormotion directly with the orthog-
onal X-ray sequences, we group the feature vectors from the
two views and estimate a 3D affine motion corresponding
to them directly. We construct the combined feature vectors
(ℎ
1

0,𝑖
; ℎ
2

0,𝑖
) from the two X-ray views 𝐼1

0
and 𝐼2

0
based on

the labeled tumor position at time 𝑡 = 0 and randomly
generate 𝑛 3D affine matrices Δ𝑀⋆

𝑖
in 3D Euclidean space.

Next, we project Δ𝑀⋆
𝑖
on the orthogonal X-ray image planes.

Within the corresponding regions, we extract the features ℎ1
0,𝑖

and ℎ2
0,𝑖

for the first and second X-ray views. In this case,
Ω
⋆ maps combined feature vectors (ℎ1

𝑡,𝑖
; ℎ
2

𝑡,𝑖
) (𝑡 = 0, 𝑖 =

1, . . . , 𝑛) to their corresponding 3D affine motion matri-
ces Δ𝑀⋆

𝑖
, where Δ𝑀⋆

𝑖
is a 4 × 4 affine matrix. Thus,

X⋆ = ((ℎ1
0,1
; ℎ
2

0,1
)

⊤

; . . . ; (ℎ
1

0,𝑛
; ℎ
2

0,𝑛
)

⊤

), Y⋆ = ((logΔ𝑀⋆
1
)
⊤
; . . . ;

(logΔ𝑀⋆
𝑛
)
⊤
).

2.3. 2D Regression (2DR). Instead of learning a 3D regression
model, we could simply learn two separate regression matri-
cesΩ1 andΩ2 for the two X-ray views, and we apply (4) and
(5) iteratively to track the tumor in each X-ray view. Once we
have the two individual tracking results 𝑝1

𝑡
and 𝑝2

𝑡
of the two

orthogonal X-ray views at time 𝑡, we can simply compute the
tumor position 𝑝

𝑡
in 3D through back projection. To do this,

we first connect 𝑝1
𝑡
and 𝑐
1
to form lines 𝑙1

𝑡
, 𝑝2
𝑡
, and 𝑐

2
to form

line 𝑙2
𝑡
and then compute 𝑝

𝑡
as the intersection of 𝑙1

𝑡
and 𝑙2
𝑡
,

while 𝑐
1
and 𝑐
2
are the source points of the two orthogonal

X-ray radiation. In practice, 𝑙1
𝑡
and 𝑙2
𝑡
may not necessarily

intersect with each other; thus we choose the midpoint of the
shortest path connecting these lines to represent the tumor
positions.

2.4. Optimal Tracking Window. Tracking window size plays
an important role in tumor tracking in soft tissues, especially
in lung and abdomen areas. To yield valid tracking results
for template based methods, the tracking window should not
be too big (may underestimate motion) or too small (may
lose track). We examine the self-similarity in the local tumor
region to find the optimal tracking window size for each
patient data.

Given a candidate window size 𝑤
𝑥
× 𝑤
𝑦
, we define the

local search region of size 2𝑤
𝑥
×2𝑤
𝑦
with the same center, and

𝑟 = (𝑤
𝑥
×𝑥
𝑦
)(𝑤
⋆

𝑥
× 𝑤
⋆

𝑦
)
−1

∈ [0.5
2

, 1.5
2

], where𝑤⋆
𝑥
×𝑤
⋆

𝑦
is the

bounding size of the tumor. We compute the feature distance
for any pair of image patches within the searching region
using ℓ2 norm and use the mean error as an indicator to
describe the discriminatory power of the candidate window
size.

Intuitively, the larger this mean error the more discrimi-
natory power the candidate size has. However, theremay exist
different distance distributions, which have the same mean
error. To take into account these cases, we give preference to
the small (20% of) feature distances and use their mean as
the indicator. In our experiments, the ratio 𝑟 of the optimal
windows size to the tumor bounding box varies from 0.9 to
1.2 for the coronal view and from 1.1 to 1.3 for the sagittal view
for different X-ray data sets.

3. Results

For objective performance evaluations, we test our track-
ing algorithm on digitally reconstructed radiograph (DRR)
sequences obtained from real-patient 4DCT data.These DRR
sequences have manually labeled ground-truth 3D landmark
positions.

Using X-ray videos has several issues. To annotate
ground-truthmotion, X-ray videos should depict tissues with
embedded metallic marker. However, it is problematic to
make a tracking algorithm to ignore high contrast marker
regions, which are often close to tumor and yet compute
uncontaminated image features for an unbiased evalua-
tion. Besides, markers themselves introduce uncertainty on
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the ground-truth data since they may dislocate from the
initial calibrated positions or occlude each other in X-ray
videos.

We use orthogonal DRR sequences obtained from 10
patients’ 4DCT data [12]. This data has different tumor
locations, shapes, and internal volume characteristics.

Using a state-of-the-art simulator [13], we embed low-
contrast tumors in different shapes, sizes, and locations in the
original 4DCT data and then generate DRR sequences rep-
resenting different breathing patterns. Tumor shapes range
from spheroids to very intricate 3D polytopes. Each test
case is tested with a different regular breathing signal and
two irregular breathing patterns. Since we do not impose
any temporal smoothing or linear dynamical model (Kalman
filter), the performance is not affected by the different
breathing patterns. Each DRR sequence we test has around
900 frames. Figure 4 shows sample coronal and sagittal views.

Compared with higher resolution flat-panel X-ray digi-
tizer, this data presents considerable challenges.

(i) Since the patient CT has limited number of slices, it is
low resolution and drastically blurred particularly in
the cranial-caudal direction of the coronal view; for
example, ∼100 × 256 pixels (underlying DRR are of
256 × 256) for Patients 1–5 and ∼128 × 512 (DRR 512 ×
512) for Patients 6–10. On the other hand, a typical of
the flat panel X-ray digitizer has 2048 × 2048 pixels.
Limited resolution causes less discriminative features
leading potential tracking failures.

(ii) It has low contrast. The typical dynamic range of a
commercial flat-panel digitizer is 16 bits. However, the
DRRs we use are 8 bits encoded to push the algorithm
to its limit.

(iii) It contains noise and imaging artifacts. Unlike X-
ray videos from digitizer, DRR sequences inherit all
4DCT imaging artifacts due to limited CT scanning
speed.

(iv) We add white random Gaussian noise to the DRR
sequences considering that DRR images might not
suffer from X-ray image acquisition noise.

These issues certainly make tumor tracking more difficult in
our dataset.

We compare the performance of our 3DR and 2DR
methods with the state-of-the-art including the best existing
optical flow implementation (OF) [14] and ℓ

1
-based particle

filter (Pℓ
1
) [15]. [14] combines the “classical” flow formulation

with image boundaries and designs an optimization frame-
work that utilizes median filtering for flow field estimation.
[15] is a template-based robust visual trackingmethod, which
enforces sparse representation on the template set and follows
a particle filter-based Bayesian state inference.

We also implemented a HOG based particle filter
(PHOG) algorithm, which uses the same number of 3D
particles as the Pℓ

1
method but computes the observation

likelihood from HOG feature matching. The OF algorithm
first finds the tumormotions on the twoX-ray views and then
estimates the 3D tumor position through back projection.We
compute the optical flow between two consecutive frames

in full resolution since that the magnitude of the tumor
motion is unknown and far away feature points can also
contribute to the motion estimation of tumor regions.

Table 1 presents the detailed performance comparison
of these algorithms as well as their average processing time
per frame. For each test case, we also list the tumor motion
magnitude in the last column. We use the Euclidean distance
between the estimated and the ground truth (GT) tumor
center in 3D as the error measurement (in pixels). The GT
tumor center is calculated as themass center of theGT tumor,
while the estimated tumor center is the center of the estimated
tracking window.

Our results using 10 different patient data show that 2DR
gives 1.05 pixel, 3DR 1.16 pixel, OF 3.57 pixel, Pℓ

1
5.01, and

PHOG 5.68 pixel error on average where the average tumor
displacement in the GT is 13.86 pixels. This means that 2DR
estimates are 92.5% accurate (1.05 is 7.5% of 13.86).

From Table 1, we can see that 3DR and 2DR consistently
achievemost accurate tracking results. Other algorithms vary
significantly for different test cases and may lose track of the
tumor under certain scenarios (e.g., for Patient 10).

We do not claim that just because we achieve a 1.05 pixel
average error on lower-resolution images we may obtain the
same error at higher resolutions. Our experimental results
on the 256 × 256 and 512 × 512 datasets clearly show that
the estimation errors in terms of pixels remains the same (in
fact becomes lower: from 1.63 pixel average error for 256 ×
256 to 0.69 pixel average error for 512 × 512) when the image
resolution increases.

In Table 1, 4DCTdata for Patients 1–5 have 256× 256DRR
image size, while Patients 6–10 have 512 × 512. Even though
the underlying total displacement doubled from 8.49 pixel
to 19.23 pixel on average (implying the tracking problem
becomes more challenging), the tracking errors in terms of
pixels are better for 512 × 512 sequences. In other words,
we can confidently expect similar pixel errors when we use
even higher resolution images (as a result, get lower mm
error). Instead of DRR, if we used a commercial product (e.g.,
Siemens Axiom Luminos dRF flat detector), 1.05 pixel error
would correspond to 0.14mm to 0.42mm error.

Here, we also like to mention that, for a fair assessment
of tracking methods, it is essential to report pixel errors
rather thanmm errors that is commonly conveyed inmedical
literature due to bottom-line clinical requirements. However,
by measuring mm error, the same algorithm can produce
differentmmerrors using different resolution input data.This
does not mean that the algorithm gets any better or worse as
nothing algorithmically changes.

In Figure 4, we show the tracking results of different
algorithms on data set Patient 7, and our 3DR/2DR tracks the
tumor verywell for both inhale and exhale phases. In Figure 5,
we draw the estimated tumor positions in the Cranial-Caudal
(CC) direction along with the ground truth for Patient 7.
It is apparent that the optical flow based tracker tends to
underestimate the tumor motion causing significant errors
when the tumor motion is large. The particle filter based
algorithms (Pℓ

1
and PHOG), on the other hand, exaggerates

the tumormotions at the two extremities and produces jittery
results. Another issue with the particle filter based trackers is
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Table 1: Performance comparison (in pixel) of different tracking algorithms. 3DR and 2DR are very robust and consistently achieve most
accurate tracking results (the best tracking result is in bold).

3DR 2DR OF PHOG Pℓ
1 Total displacement

∼0.03 secs ∼0.06 secs ∼2.8mins ∼3.2 secs ∼34.4 secs
Patient 1 0.78 ± 0.34 0.52 ± 0.29 2.15 ± 0.79 1.63 ± 0.36 3.28 ± 1.30 8.03
Patient 2 2.61 ± 1.62 2.27 ± 1.37 2.12 ± 0.90 1.88 ± 0.96 7.54 ± 3.99 7.76
Patient 3 0.83 ± 0.42 0.70 ± 0.38 1.10 ± 0.43 2.06 ± 2.11 3.39 ± 0.83 10.47
Patient 4 2.86 ± 1.48 2.67 ± 1.41 4.20 ± 1.10 2.54 ± 0.84 4.38 ± 1.59 10.98
Patient 5 1.07 ± 0.54 0.92 ± 0.50 2.16 ± 0.90 2.14 ± 1.28 4.36 ± 1.19 5.23
Patient 6 0.65 ± 0.54 0.67 ± 0.48 10.98 ± 3.40 2.45 ± 1.50 5.76 ± 1.18 18.31
Patient 7 0.99 ± 0.49 0.94 ± 0.45 4.80 ± 1.87 4.71 ± 2.80 5.94 ± 1.49 22.13
Patient 8 0.69 ± 0.37 0.72 ± 0.39 3.15 ± 1.29 7.45 ± 8.30 5.19 ± 1.22 22.36
Patient 9 0.33 ± 0.29 0.35 ± 0.27 1.20 ± 0.60 3.07 ± 3.27 3.09 ± 1.01 7.28
Patient 10 0.82 ± 0.46 0.77 ± 0.45 3.92 ± 1.80 28.94 ± 11.52 7.16 ± 3.14 26.07

Frame 1 Frame 380 Frame 600

GT
3DR
2DR

OF
PHOG

Figure 4: Orthogonal X-ray images from Patient 7. Frame 1 depicts
the overlaid tumor boundary, and Frames 380 and 600 show the
exhale phase and the inhale phase of the lung, respectively. We
compare the performance of 3DR, 2DR, OF, and PHOG with the
ground truth (GT) tumor center positions at Frames 380 and 600
(best in color).

285
280
275
270
265
260
255
250

0 100 200 300 400 500 600 700 800 900

CC
 (p

ix
el

s)

Frames

GT
3DR
2DR

OF
PHOG
PL1

Figure 5: Estimated tumor trajectories of different tracking algo-
rithms are compared with the ground truth data in the Cranial-
Caudal (CC) direction for Patient 7. Note that Pℓ

1
has large tracking

errors in the axial plane.

that the lack of sufficient texture in X-ray images sometimes
causes the selection of wrong motion hypothesis as the mode
of the approximated pdf after the importance sampling.

Computationally optical flow based tracker (OF) is the
slowest one among all trackers taking about 2.8 minutes to
process a single frame on an Intel 3.4 GHz CPU, which is
prohibitive for real-time tasks. There are of course faster OF
methods, but their accuracy is worse. Our method can track
the tumor in real time: 3DR (2DR) in less than 0.03 (0.06)
seconds. 3DR algorithm can be preferred over 2DR for two
reasons. First, 3DRgenerates tracking results twice faster than
2DR. Second, 3DR can avoid the divergence between two
orthogonal views by learning a joint 3D regressionmodel and
maintaining the tumor positions in 3D space as opposed to
two 2D planes.

Note that we do not train and test on the same images.
We train on the initial pairwhere the tumor position is known
and then track on the rest of the sequence automatically. Since
the training step takes less than 0.05 seconds, this algorithm
can run under any real-time clinical setting.

4. Conclusion

We presented a noninvasive tumor tracking method and
demonstrated that this tracker outperforms the state-of-the-
art both in accuracy (∼1 pixel error) and speed (0.03 sec).This
corresponds to 7.5% tumor positioning error with respect to
maximum tumor dislocation. Such a small tumor location
error significantly reduces the prescribed treatment volume
margins from several centimeters to millimeter range, and
thus, prevents radiating healthy tissue in IGRT systems [16].
As a future study, we will extend the regression model
to incorporate biomechanical tissue constraints for very
complex tumor shapes.
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The typical inverse ECG problem is to noninvasively reconstruct the transmembrane potentials (TMPs) from body surface
potentials (BSPs). In the study, the inverse ECG problem can be treated as a regression problem with multi-inputs (body surface
potentials) and multi-outputs (transmembrane potentials), which can be solved by the support vector regression (SVR) method.
In order to obtain an effective SVR model with optimal regression accuracy and generalization performance, the hyperparameters
of SVR must be set carefully. Three different optimization methods, that is, genetic algorithm (GA), differential evolution (DE)
algorithm, and particle swarm optimization (PSO), are proposed to determine optimal hyperparameters of the SVR model. In this
paper, we attempt to investigate which one is the most effective way in reconstructing the cardiac TMPs from BSPs, and a full
comparison of their performances is also provided. The experimental results show that these three optimization methods are well
performed in finding the proper parameters of SVR and can yield good generalization performance in solving the inverse ECG
problem. Moreover, compared with DE and GA, PSO algorithm is more efficient in parameters optimization and performs better
in solving the inverse ECG problem, leading to a more accurate reconstruction of the TMPs.

1. Introduction

The inverse ECG problem is to obtain myocardial trans-
membrane potential (TMPs) distribution from body surface
potentials (BSPs), thus noninvasively imaging the electro-
physiological information on the cardiac surface [1, 2].
Generally, approaches to solving this inverse ECG problem
can be relied on potential-based model, including epicardial,
endocardial, or transmembrane potentials, which is used to
evaluate the potential values on the cardiac surface [3] at
certain time instants.Moreover, the cardiac electrophysiolog-
ical information is closely associatedwith the transmembrane
potentials (TMPs) of the myocardial cells. Compared to body
surface potentials (BSPs) recordings, TMPs can providemore
detailed and complicated electrophysiological information.
In this study, we focus on implementing the reconstruction
of TMPs from BSPs.

To study inverse ECGproblems, various numericalmeth-
ods have been proposed. In the last decades, regularization
methods have been engaged for dealing with the inherent
ill-posed property. The regularization techniques include
truncated total least squares (TTLS) [4], GMRes [5], and
the LSQR [6], which require an appropriate selection of
regularization parameters so as to relax the ill-posedness
of the inverse ECG problem and to produce a well-posed
problem. However, the robustness and the quality of the
inverse solution are not always guaranteed; despite that they
can more or less deal with the geometry and measurement
noises for the inverse ECG problems. In addition, during
the solution procedure, the inverse ECG problem can be
treated as a regression problem with multi-inputs (BSPs)
andmulti-outputs (TMPs).Therefore, an alternative method,
support vector regression (SVR)method [7], was proposed to
solve the inverse ECGproblem. Comparedwith conventional
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regularization methods, SVR method can produce more
accurate results in terms of reconstruction of the trans-
membrane potential distributions on epi- and endocardial
surfaces [1, 8]. SVR is an extension version of support vector
machine (SVM) to solve nonlinear regression estimation
problems, which aims at minimizing an upper bound of
the generalization error instead of the training error [9] by
adhering to the principle of structural risk minimization
(SRM).

Although SVR is a powerful technique to solve the
nonlinear regression problem, it has received less attention in
relation to the inverse ECGproblems, due to the fact that SVR
algorithm is sensitive to users’ defined free parameters. The
involved hyperparameters of SVR model consist of penalty
parameter 𝐶, insensitive loss function parameter 𝜀, and the
parameter 𝜎 for kernel function. Inappropriate parameters in
SVR can lead to overfitting or underfitting problems. How to
properly set the hyperparameters is a major task, which has a
significant impact on the optimal generalization performance
and the SVR regression accuracy [10], especially when it
comes to predicting the diagnosis of cardiac diseases, because
even a slight improvement of prediction accuracy could have
a significance impact on the patient’s diagnosis [11, 12].

In early development stage of the algorithm, a grid search
optimizing method [13] and cross-validation method [8] are
employed to optimize the hyperparameters. However, these
methods are computationally expensive and data intensive.
Recently, a number of new algorithms have been proposed
for the optimization of the SVR parameters [14, 15]. For
example,Wang et al. [16] has proposed a hybrid load forecast-
ing model combining differential evolution (DE) algorithm
and support vector regression to deal with the problem
of annual load forecasting. In the analysis of predicting
tourism demand, the study [17] applies genetic algorithm
(GA) to seek the SVR’s optimal parameters and then adopts
the optimal parameters to construct the SVR models. The
experimental results demonstrate that SVR outperforms the
other two neural network techniques. Another study [18]
tries a new technology, particle swarmoptimization (PSO), to
automatically determine the parameters of SVR, then applies
the hybridmodel (PSO-SVR) to grid resource prediction, and
the experimental results indicate high predictive accuracy.

In this paper, the above mentioned optimization algo-
rithms (GA, DE, and PSO) are all adopted to dynamically
optimize the hyperparameters of SVR model in solving the
inverse ECG problem. For convenience, the SVR model with
GA parameter selection is referred to as GA-SVR method,
and the other two are termed DE-SVR and PSO-SVR,
respectively. In this paper, we attempt to investigate which
one is the most effective in reconstructing the cardiac TMPs
from BSPs, and a full comparison of the performance for
solving the inverse ECG problem will be evaluated.

2. Theory and Methodology

2.1. Brief Overview of the SVR. In this section, the basic
SVR concepts are concisely described; for detailed descrip-
tion, please see [19, 20]. Suppose a given training data of

𝑁 elements {(𝑥
𝑖
, 𝑦
𝑖
), 𝑖 = 1, 2, . . . , 𝑁}, where 𝑥

𝑖
denotes

the 𝑖th element in 𝑛-dimensional space; that is, 𝑥
𝑖

=

{𝑥
1𝑖
, . . . , 𝑥

𝑛𝑖
} ∈ 𝑅

𝑛, and 𝑦
𝑖

∈ 𝑅 is the output value
corresponding to𝑥

𝑖
. According tomathematical notation, the

SVR algorithm builds the linear regression function as the
following form:

𝑓 (𝑥, 𝜔) = (𝜔 ⋅ 𝜑 (𝑥) + 𝑏) ,

𝜑 : 𝑅
𝑛

→ 𝐹, 𝜔 ∈ 𝐹,

(1)

where 𝜔 and 𝑏 are the slope and offset coefficients; 𝜑(𝑥)

denotes the high-dimensional feature space, which is non-
linearly mapped from the input space 𝑥. And the previous
regression problem is equivalent to minimizing the following
convex optimization problem [see (2)]:

min 1

2

‖𝜔‖
2

subject to 𝑦
𝑖
− 𝜔𝜑 (𝑥

𝑖
) − 𝑏 ≤ 𝜀

𝜔𝜑 (𝑥
𝑖
) + 𝑏 − 𝑦

𝑖
≤ 𝜀.

(2)

In this equation, an implicit assumption is that a function
𝑓 essentially approximates all pairs (𝑥

𝑖
, 𝑦
𝑖
) with 𝜀 precision,

but sometimes this may not be the case. Therefore, by intro-
ducing two additional positive slack variables 𝜉

𝑖
and 𝜉
∗

𝑖
, the

minimization is reformulated as the following constrained
optimization problem [shown in (3)]:

min 𝑅 (𝜔, 𝜉, 𝜉
∗

) =

1

2

‖𝜔‖
2

+ 𝐶

𝑁

∑

𝑖=1

(𝜉
𝑖
+ 𝜉
𝑖

∗

)

s.t. 𝑦
𝑖
− (𝜔, 𝜑 (𝑥)) − 𝑏 ≤ 𝜀 + 𝜉

∗

𝑖

(𝜔, 𝜑 (𝑥)) + 𝑏 − 𝑦
𝑖
≤ 𝜀 + 𝜉

𝑖

𝜉
𝑖
, 𝜉
𝑖

∗

≥ 0, 𝑖 = 1, 2, . . . , 𝑁, 𝜀 ≥ 0,

(3)

where the parameter 𝐶 is the regulator which is determined
by the user, and it influences a tradeoff between an approxi-
mation error and the weights vector norm ||𝜔||; 𝜉

𝑖
and 𝜉
∗

𝑖
are

slack variables that represent the distance from actual values
to the corresponding boundary values of 𝜀-tube.

According to the strategy outlined by Schölkopf and
Smola [10], by applying Lagrangian theory and the KKT
condition, the constrained optimization problem can be
further restated as the following equation:

𝑓 (𝑥, 𝜔) =

𝑁

∑

𝑖=1

(𝛼
𝑖
− 𝛼
∗

𝑖
)𝐾 (𝑥

𝑖
, 𝑥) + 𝑏

s.t.
𝑁

∑

𝑖=1

(𝛼
𝑖
− 𝛼
𝑖

∗

) = 0.

(4)

Here 𝛼
𝑖
and 𝛼

∗

𝑖
are the Lagrange multipliers. The term

𝐾(𝑥
𝑖
, 𝑥) is defined as the kernel function. The nonlinear

separable cases could be easily transformed to linear cases
by mapping the original variable into a new feature space
of high dimension using 𝐾(𝑥

𝑖
, 𝑥). The radial basis function
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(RBF) was applied in the study, which has the ability to
universally approximate any distribution in the feature space.
With an appropriate parameter, RBF usually provides a better
prediction performance, so it is adopted in this study as
shown in (5):

𝐾(𝑥
𝑖
, 𝑥
𝑗
) = exp(−






𝑥
𝑖
− 𝑥
𝑗







2

2𝜎
2

) , (5)

where 𝑥
𝑖
and 𝑥

𝑖
are input vector spaces and 𝜎

2 is the band-
width of the kernel function.

In the above equations, there exist three hyper-param-
eters to be determined in advance, that is, the penalty
parameter 𝐶, insensitive parameter 𝜀, and the related kernel
function parameters 𝜎

2. They heavily affect the regression
accuracy and computation complexity of SVR. The penalty
parameter 𝐶 controls the degree of punishing the samples
whose errors go beyond the given value. The insensitive
parameter 𝜀 controls the width of the 𝜀-insensitive zone
used to fit the training data. The value of 𝜀 can enhance
the generalization capability; with the increase of 𝜀, the
number of support vectors will decrease, and the algorithmic
computation complexity will also reduce.The bandwidth 𝜎 of
the kernel function has a great influence on the performance
of learning machine.

In this study, three optimization methods, that is, GA,
DE, and PSO, are presented to determine the optimal hyper-
parameters of the SVR model. According to [15], the general
range of𝐶, 𝜎2, and 𝜀 has been given. In the trial operation, we
narrowed it to avoid blindness in the optimization process. In
this paper, the set of hyperparameter (𝐶, 𝜎

2

, 𝜀) is initialized
in the given range 𝐶 ∈ [0, 10000], 𝜎2 ∈ [0, 2], and 𝜀 ∈

[0, 0.0001], where optimization methods (GA, DE, and PSO)
are to seek the global optimal solutions.

In order to calculate the error uniformly, we adopt the
same fitness function which plays a critical role in measuring
these algorithms performance. The fitness function is deter-
mined as follows:

min𝑓 =

∑
𝑛
𝑡

𝑖=1
(




𝑎
𝑖
− 𝑝
𝑖





/𝑎
𝑖
)

𝑛
𝑡

∗ 100%, (6)

where 𝑛
𝑡
is the number of training data samples, 𝑎

𝑖
is the

actual TMPs of train data, and 𝑝
𝑖
is the predicted TMPs. The

solution with a smaller fitness 𝑓 of the training dataset has a
better chance of surviving in the successive generations. The
main tool, LIBSVM, was used for training and validating the
SVR model [21].

2.2. Genetic Algorithm (GA) Optimization Method. The GA
[22] is a biologically motivated optimization technique
guided by the concepts of biological evolution and Darwin’s
principle of survival of the fittest. It is a computer model of
an evolution of a population of artificial individuals. In this
study, for the specific optimizing problemof hyperparameters
(𝐶, 𝜎
2

, 𝜀), the process is defined as follows.

Step 1 (initialize population). The population size NP is
equal to 20; the dimension of parameter vectors 𝐷 is 3.

The termination criterion is set as follows: the number of
iterations is set as 30, and the fitness tolerance value is set
as 0.001. The probabilities of selection (Stochastic universal
sampling), crossover (multipoint crossover) and mutation
(mutation operator of the Breeder Genetic Algorithm) that
were used herein are 0.9, 0.8, and 0.05, respectively.

Step 2 (encode chromosomes). According to the possible
range of parameters 𝐶, 𝜎

2, and 𝜀 given before, the GA utilizes
binary encoding method, and each parameter is encoded
by 20 bits of binary number. Therefore, the search space is
defined as the solution space in which each potential solution
is encoded as a distinct chromosome.

Step 3. The parameters 𝐶, 𝜎
2, and 𝜀 of each individual

are used to build the SVR model. With the BSPs of the
training data, the cardiac TMPs are reconstructed. Then the
performances of individuals in the generation are evaluated
by the specific objective fitness function according to (6).The
individual with the minimum fitness value will be selected,
and then the chromosome of selected individual is preserved
as the best result.

Step 4. Thebasic genetic search operators comprise selection,
mutation, and crossover, which are applied orderly to obtain
a new generation where the new individual (𝐶, 𝜎

2

, 𝜀) with
the best performance is retained.

Step 5. The new best fitness value will be compared to that of
the best result, and then select the better one to update the
best result.

Step 6. This process will not come to an end until the
termination criterion is met, and the best chromosome is
presented as the final solution; otherwise, go back to Step 4.

2.3. Differential Evolution (DE) Optimization Method. Dif-
ferential evolution [23] is a population-based and parallel
direct searchmethod which is used to approximate the global
optimal solution. As is mentioned above, the optimization of
hyperparameter (𝐶, 𝜎

2

, 𝜀) can be transformed into solving
the minimization of the fitness function Min: 𝑓(𝑥), 𝑥 =

𝑥
𝑖𝐺
, 𝑖
𝐺

= 1, 2, . . ., andNP is three-dimensional parameter
vectors including (𝐶, 𝜎

2, and 𝜀). Subsequently, each gen-
eration evolves by employing the evolutionary operators
involving mutation, crossover, and selection operations to
produce a trail vector for each individual vector [24], and the
detailed evolutionary strategies can be described as follows.

Step 1 (initialize DE parameters). The population size NP is
set as 20 [25], and the dimension of parameter vectors 𝐷 is
3. The termination criterion is set as follows: the number of
iterations is set as 30, and the fitness tolerance value is set as
0.001. The mutation factor 𝐹 is selected in [0.5, 1], and the
crossover rate CR is selected in [0, 1].

Step 2 (initialize population). Set 𝐺 = 0. Generate an NP∗D
generation which consists of individuals (𝐶, 𝜎

2, and 𝜀) with
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uniform probability distribution random values within the
control variable bounds of parameter space.

Step 3. With the parameters, train the SVR model, and
forecast the training datasets.Then calculate the fitness target
of all the individuals in the generation, and record the
minimumvalues of the fitness function and set (𝐶, 𝜎

2, and 𝜀)

correspondingly as the 𝑥best.

Step 4 (mutation operation). For each target vector 𝑥
𝑖,𝐺
, an

associated mutant vector is generated according to

V
𝑖,𝐺+1

= 𝑥best + 𝐹 [(𝑥
𝑟
1
,𝐺

− 𝑥
𝑟
2
,𝐺
) + (𝑥

𝑟
3
,𝐺

− 𝑥
𝑟
4
,𝐺
)] . (7)

The random indexes 𝑟
1
, 𝑟
2
, 𝑟
3
, and 𝑟

4
have to be distin-

guished from each other and from the current trial index 𝑖.

Step 5 (crossover operation). In order to increase the diver-
sity of the perturbed parameter vectors, crossover is intro-
duced by the following formula:

𝑢
𝑗𝑖,𝐺+1

= {

V
𝑗𝑖,𝐺+1

if (randb (𝑗) ≤ CR) or 𝑗 = rnbr (𝑖)
𝑥
𝑗𝑖,𝐺+1

if (randb (𝑗) > CR) and 𝑗 ̸= rnbr (𝑖) ,

(8)

where 𝑢
𝑖,𝐺+1

= (𝑢
1𝑖,𝐺+1

, 𝑢
2𝑖,𝐺+1

, 𝑢
3𝑖,𝐺+1

), randb(𝑗) ∈ [0, 1] is
the 𝑗th evaluation of a uniform random number generator,
and rnbr(𝑖) is a randomly chosen integer in the range in [1, 3]
to ensure that 𝑢

𝑖,𝐺+1
gets at least one element from V

𝑖,𝐺+1
.

Step 6 (selection operation). After the fitness values of the
new generation being calculated, then selecting the new best
individual as 𝑢best,𝐺+1, the selection operation is performed.
To decide whether or not it could replace the 𝑥best, the fitness
value of 𝑓(𝑢best,𝐺+1) is compared to that of 𝑓(𝑥best). The
operation is given as follows:

𝑥best = {

𝑢best,𝐺+1 𝑓 (𝑢best,𝐺+1) ≤ 𝑓 (𝑥best)

𝑥best 𝑓 (𝑢best,𝐺+1) > 𝑓 (𝑥best) .
(9)

Step 7. Termination condition checking: if max iterations𝐺 is
met or the fitness value of𝑓(𝑥best) is reachedwithin the fitness
tolerance value, return the recorded global optimal parameter
(𝐶, 𝜎
2, and 𝜀); otherwise, go to Step 4.

2.4. Particle Swarm Optimization (PSO) Optimization Meth-
od. The Particle swarm optimization (PSO) is a bioinspired
stochastic optimization technique which was basically devel-
oped through simulating social behaviour of birds and insects
that keep living by maintaining swarm actions. A particle
is considered as a bird in a swarm consisting of a number
of birds, and all particles fly through the searching space
by following the current optimum particle to find the final
optimum solution of the optimization problem [26].

The detailed experimental procedure for selecting the
best hyperparameters (𝐶, 𝜎

2

, and 𝜀) is listed as follows.

Step 1. Particle initialization andPSOparameters setting [27]:
set the PSO parameters including the scope of 𝐶, 𝜎

2, and

𝜀; the number of particles is 20; particle dimension is 3.
The termination criterion is set as follows: the number of
iterations is set as 30 and the fitness tolerance value as 0.001.

Step 2. Randomly generate primal population of random
particles (𝐶, 𝜎

2

, and 𝜀) and velocities inside the searching
space.

Step 3. Construct SVR model with the parameters in each
particle, and perform the prediction with the training data.
Then evaluate the regression accuracy based on the defined
fitness function.Then maintain the record of the best perfor-
mance with the minimum error as the global best solution.

Step 4. Particle manipulations: suppose that 𝑋
𝑖
(𝑘) and 𝑉

𝑖
(𝑘)

are the particle and velocity at step 𝑘, and they are updated
into their new values 𝑋

𝑖
(𝑘 + 1) and 𝑉

𝑖
(𝑘 + 1) at step 𝑘 + 1 by

applying the two equations below:

𝑉
𝑖
(𝑘 + 1) = 𝜔𝑉

𝑖
(𝑘) + 𝑐

1
𝑟
1
(𝑝
𝑖
(𝑘) − 𝑋

𝑖
(𝑘))

+ 𝑐
2
𝑟
2
(𝑝
𝑔
(𝑘) − 𝑋

𝑖
(𝑘)) ,

𝑋
𝑖
(𝑘 + 1) = 𝑋

𝑖
(𝑘) + 𝑉

𝑖
(𝑘 + 1) Δ𝑡,

(10)

where 𝑉
𝑖

∈ [𝑉
𝑖min, 𝑉𝑖max], Δ𝑡 is the unit time step value,

and 𝜔 is the inertia weight. 𝑝
𝑖
(𝑘) and 𝑝

𝑔
(𝑘) are the best

coordinates of particle number 𝑖 and the whole swarm until
step 𝑘, respectively. Positive constants 𝑐

1
and 𝑐
2
are learning

rates while 𝑟
1
and 𝑟
2
are random numbers between 0 and 1.

Step 5. Train the SVRmodel using the particles (𝐶, 𝜎
2, and 𝜀)

in the new generation and forecast the training datasets. After
evaluating the fitness function, pick the new best particle as
the local best.

Step 6. Compare the local best and global best, and choose
the better one to update the global best.

Step 7. Stop condition checking: if a termination criterion
(the number of iterations) is met or the fitness value of the
global best is reached within the extent predefined, return
the recorded global best as the best parameter (𝐶, 𝜎

2

, and
𝜀); otherwise, go to Step 4.

2.5. Simulation Protocol and Data Set. The SVR model is
tested with our previously developed realistic heart-torso
model [11, 12]. In this simulation protocol, a normal ven-
tricular excitation is illustrated as an example to calculate
the data set for the SVR model. The considered ventricular
excitation period from the first breakthrough to the end is
357ms, and the time step is 1ms, and thus 358 BSPs 𝜑

𝐵
and

TMPs 𝜑
𝑚
temporal data sets are calculated. Sixty data sets

(𝜑
𝐵
and 𝜑

𝑚
) are chosen at times of 3ms, 9ms, 15ms, . . .,

357ms after the first ventricular breakthrough which will be
used as testing samples to assess the SVR models prediction
capability and robustness. The rest 298 in 358 data sets
are employed as the training samples for the training and
optimal parameter selection procedures. Moreover, during
each ventricular excitation period, 412 potentials on the BSPs
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and 478 potentials on the TMPs are captured. That is to say,
the matrix of BSPs is divided into the training data (298 ×

412) and testing data (60 × 412), and the matrix of TMPs is
also divided into the training data (298 × 478) and testing
data (60 × 478). Each SVR regression model is built by
using the mapping relations between BSPs training data (298
× 412) and one TMPs training point (298 × 1). Based on
all the training data, 478 different regression models were
built by usingGA-SVR,DE-SVR, and PSO-SVR, respectively.
Using the corresponding SVR model, we can reconstruct the
corresponding TMPs (60 × 1) from the BSPs testing data (60
× 412). For all testing samples, we can reconstruct the TMPs
from the all 478 regression SVR models.

3. The Proposed System Framework

3.1. Overview of the SVRParametersOptimization Framework.
As shown in Figure 1, in the first stage, the original input
data is preprocessed by scaling the training data and feature
extraction. In the second stage, the hyperparameters (𝐶, 𝜎2,
and 𝜀) of SVR method are set carefully by using the GA,
DE and PSO optimization methods. Moreover, GA-SVR,
DE-SVR, and PSO-SVR are applied to construct the hybrid
SVR model, respectively. Finally, according to the effective
hybrid SVR models, we can reconstruct the transmembrane
potentials (TMPs) from body surface potentials (BSPs) by
using these testing samples.

3.2. Preprocessing the Data Set

3.2.1. Scaling the Training Set. During preprocessing stage,
each input variable is scaled in order to avoid the potential
value from spanning a great numerical range and to prevent
numeric difficulties. Generally, all input values including 358
BSPs and TMPs temporal data sets are linearly scaled to the
range (0,1) by the following formula [see (11)]:

𝜑


𝑡
=

𝜑
𝑡
− 𝜑
𝑡min

𝜑
𝑡max − 𝜑

𝑡min
, (11)

where 𝜑
𝑡
is the original potential value of each time 𝑡, 𝜑

𝑡
is the

scaled potential value, 𝜑
𝑡max is the maximum potential value

of each time 𝑡, and 𝜑
𝑡min is the minimum potential value of

each time 𝑡.

3.3. Feature Extraction by Using KPCA. The kernel principal
component analysis (KPCA) is a nonlinear feature extraction
method which is one type of a nonlinear PCA developed
by generalizing the kernel method into PCA. Specifically,
the KPCA initially maps the original inputs into a high-
dimensional feature space 𝐹 using the kernel method and
then calculates the PCA in the high-dimensional feature
space 𝐹.The detailed theory of KPCA can be consulted in the
paper [28].

Feature extraction is a significant task for preprocessing
the original input data in developing an effective SVRmodel.
As is investigated in our previous study [12], the SVR with
feature extraction by using KPCA has superior performances

BSPs

Scaling data set

KPCA for feature extraction

Train data

Parameters 
selected by 

GA
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Reconstructing TMPs

Figure 1: The framework of proposed parameters optimization
method for SVR method in solving the inverse ECG problem.
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Figure 2: The temporal course of the TMPs for one representative
source point on epicardium (50th) over the 60 testing times.
The reconstruction TMPs with GA-SVR, DE-SVR, and PSO-SVR
methods are all compared with original TMPs.

to that of using PCAor the single SVRmethod in reconstruct-
ing the TMPs. In this paper, the kernel principal component
analysis (KPCA) was proposed to implement the feature
extraction. And the dimension of BSPs dataset is reduced
from 412 to 200 properly, which can reduce the dimensions
of the inputs and improve the generalization performances of
the SVR method.

4. Results and Discussion

4.1. The Result of Parameters Selection. In this study, the
GA, DE, and PSO algorithms were proposed to seek the
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Figure 3: The TMP distribution on the ventricular surface at
two sequential testing time points. (a) shows the comparison of
reconstructed TMP distributions when the time point is 27ms and
(b) shows the comparison of reconstructed TMP distributions when
the time point is 51ms. Moreover, the upper row shows the TMPs
from an anterior view and the lower from a posterior view. In each
row, the first figure is the original TMPs, and the rest three are the
reconstructed TMPs by using the GA-SVR, DE-SVR, and PSO-SVR
methods.

corresponding optimal hyperparameter (𝐶, 𝜎
2

, and 𝜀) of the
478 SVR models. Table 1 displays the average value and the
standard deviations of three parameters in 478 SVR models
by using GA, DE, and PSO optimization algorithms. From it,
we can find that the gaps among these optimal parameters are
obvious by using three different optimization methods. The
standard deviations of 𝜀 are neglected because they are very
small.

4.2. Comparison of Reconstruction Accuracy. This study com-
pares the reconstruction performance based on the proposed
three intelligent optimization algorithms for selecting the
hyperparameters of SVR. By using GA-SVR, DE-SVR, and
PSO-SVR hybrid models, two types of experiments for
reconstructing the TMPs have been conducted. The first
experiment reconstructs the TMPs for one representative
source point (the 50th point) on the epicardium over 60
testing times, as is depicted in Figure 2. Since the gaps among

Table 1: The average and the standard deviations of optimal hyper-
parameters (𝐶, 𝜎

2

, and 𝜀) by using GA, DE, and PSO optimization
algorithms.

Parameter Method
GA DE PSO

𝐶 1447.61 ± 594.32 7624.14 ± 913.67 5.31 ± 3.02

𝜎
2

0.64 ± 0.55 1.59 ± 1.38 1.22 ± 1.02

𝜀 1.48𝑒 − 005 1.80𝑒 − 005 1.98𝑒 − 005

Table 2: The mean values and standard deviations of these 60
testing errors between the simulated TMPs and the reconstructed
TMPs by using GA-SVR, DE-SVR, and PSO-SVR methods at one
representative source point (the 50th point on the epicardium).

Indexes Method
GA-SVR DE-SVR PSO-SVR

Mean value 2.96 2.69 1.55
Standard deviation 1.92 1.67 1.03

these three methods are so slight that we have to add a
statistical analysis to validate the results. The mean values
and standard deviations of these 60 testing errors between
the simulated TMPs and the reconstructed TMPs by using
GA-SVR, DE-SVR, and PSO-SVR methods are investigated,
as shown in the Table 2. From Figure 2 and Table 2, the
PSO-SVR outperforms the GA-SVR and DE-SVR methods
in reconstructing the TMPs for one representative source
point over all the testing times. Furthermore, the DE-SVR is
superior to the GA-SVRmethod in reconstructing the TMPs.

The second experiment reconstructs the TMPs on all the
heart surface points at one time instant. These inverse ECG
solutions are shown in Figure 3, in which two sequential
testing time points (27 and 51ms after the first ventricular
breakthrough) are presented to illustrate the performances of
theGA-SVR,DE-SVR, and PSO-SVRmethods. It can be seen
that, among the three parameters optimization methods, the
hybrid PSO-SVR performs better thanGA-SVR andDE-SVR
methods because its reconstructed solutions are much closer
to the simulated TMPs distributions.

Based on the simulation information of TMPs, we can
evaluate the accuracy of the reconstructed TMPs of these
three different intelligent optimization algorithms at the
testing time by mean square error (MSE), the relative error
(RE), and the correlation coefficient (CC):

MSE =

1

𝑛

𝑛

∑

𝑖=1

(𝜑
𝑐
− 𝜑
𝑒
)
2

,

RE =





𝜑
𝑐
− 𝜑
𝑒






𝜑
𝑒

,

CC =

∑
𝑛

𝑖=1
[(𝜑
𝑐
)
𝑖
− 𝜑
𝑐
] [(𝜑
𝑒
)
𝑖
− 𝜑
𝑒
]





𝜑
𝑐
− 𝜑
𝑒










𝜑
𝑒
− 𝜑
𝑒






.

(12)

Here, 𝜑
𝑒
is the simulated TMP distribution at time 𝑡, and 𝜑

𝑐

is the reconstructed TMPs. The quantities 𝜑
𝑒
and 𝜑

𝑐
are the
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Figure 4: The performances of the reconstructed TMPs over 60 sampling times by using GA-SVR, DE-SVR, and PSO-SVR, respectively.
(a) The mean square error (MSE) of the reconstructed TMPs; (b) The relative errors (RE) of the reconstructed TMPs; (c) The correlation
coefficient (CC) of the reconstructed TMPs.

mean value of 𝜑
𝑒
and 𝜑

𝑐
over the whole ventricular surface

nodes at time 𝑡. 𝑛 is the number of nodes on the ventricular
surface.

The MSE, RE, and CC of the three sets of reconstructed
TMPs over the 60 testing samples can be found in Figure 4.
In contrast to GA-SVR and DE-SVR, the PSO-SVR method
can yield rather better results with lower RE, MSE, and a
higher CC. To validate the robustness of the three methods
in reconstructing the TMPs, the quantities m-MSE, m-RE
and m-CC, that is, the mean value of MSE, RE, and CC at
different testing time instants, are presented. Moreover, std-
MSE, std-RE and std-CC, that is, the standard deviation of
MSE, RE, and CC over the whole testing samples, are also
investigated. As shown in Figure 5, the mean value of the
MSE, RE, and CC over the 60 testing samples obtained by
GA-SVR, DESVR, and PSO-SVRmethods are presented, and
the standard deviations of those 60 MSEs, REs and CCs are
also provided.

4.3. Comparison of Reconstruction Efficiency. In solving the
inverse ECG problem, seeking the optimal parameters in
the settled range is time consuming. Therefore, how to suc-
cessfully excogitate a relatively timesaving optimal method
matters significantly in the practical application, particularly
in the diagnosis of cardiac disease. Here, we figure out the
mean time of the three optimizationmethods in selecting the
optimal hyperparameters of SVR. In order to forecast the 478
TMPs over 60 testing samples on an epi- and endocardial
surface, 478 sets of parameters (𝐶, 𝜎

2, and 𝜀) have to be
selected in each optimization method and with the testing
data, 478models are built accordingly. In this study, themean
time for selecting the optimal parameters by adopting GA,
DE, and PSO is 208.27 s, 342.53 s, and 130.16 s, respectively. It
can be seen that PSO can lead to a convergence more quickly
and lessen more time than GA and DE. Therefore, according
to the comparison of their efficiencies, PSO-SVR method
significantly outperforms the GA-SVR and DE-SVR in the
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Figure 5:The m-MSE, m-RE, m-CC, std-MSE, std-RE, and std-CC of 60 testing sampling times by using GA-SVR, DE-SVR, and PSO-SVR,
respectively, in terms of mean ± standard deviation. (a) m-MSE and std-MSE, (b) m-RE and std-RE, and (c) m-CC and std-CC.

reconstruction of the TMP, which is the most efficient one
among these three optimization methods.

5. Conclusion

In the study of the inverse ECG problem, SVR method
is a powerful technique to solve the nonlinear regression
problem and can serve as a promising tool for performing
the inverse reconstruction of the TMPs.This study introduces
three optimization methods (GA, DE, and PSO) to deter-
mine the hyperparameters of the SVR model and utilizes
these models to reconstruct the TMPs from the remote
BSPs. Feature extraction using the KPCA is also adopted to
preprocess the original input data. The experimental results
demonstrate that PSO-SVR is a relatively effective method
in terms of accuracy and efficiency. By comparison, PSO-
SVR method is superior to GA-SVR and DE-SVR methods,
whose reconstructed TMPs are close to the simulated TMPs.
Besides, PSO-SVR is much more efficient in determining the
optimal parameters and in building the predicting model.
According to these results, the PSO-SVR method can serve
as a promising tool to solve the nonlinear regression problem
of the inverse ECG problem.
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