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Medical images nowadays play an essential role in detec-
tion and diagnosis of numerous diseases. Ranging from
anatomical information, functional activities, to the molec-
ular and cellular expressions, medical imaging provides
direct visualization means to see through the human bodies
and observe the minute anatomical changes and biological
processes characterized by different physical and biological
parameters. Informative as they are, medical imaging usually
requires experienced medical doctors to best interpret the
information revealed in the images. However, because of
various subjective factors as well as limited analysis time and
tools, it is quite common that different medical doctors may
come up with diverse interpretations, leading to different
diagnoses. Moreover, for the same set of medical imaging,
a medical doctor may make different diagnosis results at
different time.

To attain a more reliable and accurate diagnosis, recently,
varieties of computer-aided detection (CAD) and diagnosis
(CADx) approaches have been developed to assist interpre-
tation of the medical images. At least four types, denoted as
Types I–IV, of efforts may be identified among these CAD
and CADx approaches. Type I is to assist visual detection,
qualitative analysis, and interactive quantitative analysis of
the objects of interest in the medical images by either
enhancing the salient features of the objects or suppressing
the background noises. Type II is to assist feature extraction
of the objects of interest for further quantitative analyses
by such techniques as boundary delineation, tree-structure
reconstruction, fiber tracking, texture analysis, and so on.

Type III is to automatically detect and classify the objects
of interest by integrating the data mining, medical image
analysis, and signal processing technologies. Type IV is to
estimate the anatomical and functional tissue properties not
explicitly revealed in themedical images based onmathemat-
ical modeling, for example, physiology, biomechanics, heat
transfer, and so forth.

This special issue presents one review paper and fifteen
papers of latest research results on computer-aided detection
and diagnosis in medical imaging covering all four types
of works, including one paper of Type I, six papers of
Type II, seven papers of Type III, and two papers of Type
IV. The distribution of these four types of research works,
though onlywith a limited number of papers, does reasonably
account for the amount of research efforts in the various areas
of CAD/CADx in medical imaging.

The Type I paper in this special issue, presented by Y.
Dai et el., proposed a volume-rendering-based interactive
3D measurement framework for quantitative analysis of 3D
medical images. The idea is to integrate 3D widgets and
volume clipping into volume rendering, using 3D plane
widgets, 3D line widgets, and 3D angle widgets to measure
the areas, distances, and angles of interesting objects.

To assist feature extraction and quantitative analysis, the
six papers of Type II in this special issue may be further
divided into three groups, namely, registration, texture anal-
ysis, and segmentation, representing three essential tasks in
CAD/CADx in medical imaging. The registration group has
only one paper in which R. Xu et al. addressed one of the key

http://dx.doi.org/10.1155/2013/790608
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issues in medical image registration, that is, determination
of corresponding points. A particle-system-based method
was proposed to obtain adaptive sampling positions on the
unit sphere for the construction of statistical shape models.
In the group of texture analysis, D. Avola et al. presented a
customizing approach to deriving a set of first- and second-
order statistics-based operators for texture analysis of MRI
images. J. Deng et al. proposed a robust statistical texture
model for medical volumes based on a linear tensor coding
(LTC) algorithm.Medical volumes are represented by a linear
combination of mutually independent bases, from which
distinctive bases may be selected for classification. To extract
the morphological information, in the segmentation group,
Y. Ujihara et al. developed a two-step region growingmethod
to reconstruct cell geometry from confocal fluorescence
microscopy images of the cytoskeleton. C.-F. Jiang et al.
integrated the GVF-snake model and a hybrid registration
technique to extract regions from MR T1-weighted images,
mapping them into the corresponding SPECT images. To
automatically recognize the vertebral column in a SPECT
image, S.-F. Huang et al. formulated the bone segmentation
problem as a graph clustering problem and proposed a “bone
graph” image description method to facilitate manipulation
of morphological relationships in the skeleton.

To assist nodule detection and/or differential diagnosis of
various diseases, the seven papers of Type III in this special
issue presented CAD/CADx approaches for six clinical appli-
cations. They are mammographic lesion detection and diag-
nosis, lung nodule detection, as well as differential diagnosis
of Alzheimer disease (AD) versus mild cognitive impairment
(MCI), cerebral lymphomas versus glioblastomas, pancreatic
diseases, and trigger finger disease. As a review paper, T.
Ayer et al. provided an informative overview of artificial
neural networks-based mammography interpretation and
diagnostic decision making. Both of B. Li et al. and A.
Tartar et al. aimed to achieve computer-aided detection of
lung nodules in CT images. Nevertheless, A. Tartar et al.
focused on classification of a candidate nodule into true
nodule or nonnodule by selecting the best features from
three conventional methods. On the other hand, B. Li at al.
proposed a complete framework for nodule detection based
on a fuzzy integrated active contour model and a hybrid
parametric mixture model of the juxtavascular nodules. For
differential diagnosis, S.-T. Yang et al. proposed an MRI-
based classification framework to distinguish the patients
with AD and MCI from the normal participants, using
particle swarm optimization for feature selection and support
vector machine as the classifier. To differentiate cerebral
lymphomas fromglioblastomas, T. Yamasaki et al. presented a
tumor classification system, classifying typical cases by lumi-
nance range thresholding and apparent diffusion coefficients
thresholding and nontypical by a support vector machine
(SVM). A. Jiang et al. developed a classification method for
pancreatic diseases, using multilinear principal component
analysis to extract the eigen tensors and SVM as the classifier
with the parameter optimized by a quantum simulated
annealing algorithm. Y.-C. Liu et al. proposed two parameters
as the pathological progression indices for evaluation of
trigger finger disease from the microscopic pulley images.

These two parameters are the size ratio of the abnormal tissue
regions and the number ratio of the abnormal nuclei, derived
from a color-based image segmentation system.

Both of the two Type IV papers in this special issue aimed
to estimate the anatomical and functional tissue properties
from MRI images. With dynamic MR images, Y.-H. Kao
et al. investigated the respiratory and cardiac pulsations in
the brain of normal subjects based on transfer function
analysis. W. Swastika et al. analyzed two statistical models
of diaphragm motion constructed by using regular principal
component analysis (PCA) and generalized N-dimensional
PCA (GND-PCA), the results of which showed that the
GND-PCA model was superior to the PCA model.

Chung-Ming Chen
Yi-Hong Chou
Norio Tagawa
Younghae Do
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We introduced a compact representation method named Linear Tensor Coding (LTC) for medical volume. With LTC, medical
volumes can be represented by a linear combination of bases which are mutually independent. Furthermore, it is possible to choose
the distinctive basis for classification. Before classification, correlations between category labels and the coefficients of LTC basis are
used to choose the basis. Then we use the selected basis for classification. The classification accuracy can be significantly improved
by the use of selected distinctive basis.

1. Introduction

In the recent years, the research of digital atlases is a popular
and important topic in the medical volume processing [1, 2].
Many problems inmedical volumes interpretation involve the
need of a modeling to understand the volumes with which it
is presented, and thus well representation of medical volumes
is very important part of computer-assisted diagnosis (CAD).
Due to much variability in biological structures, it makes
medical volume interpretation to be a difficult task.

Currently the representation of medical volume can
be mainly categorized as shape-based methods, in which
a deformable model is represented or matched to, and
appearance based methods, in which the model represents
the volume region covered by the structures. Statistical shape
model (SSM) can construct the generic structure (mean
structure) and deformation for a shape ensemble [3]. Due
to the deformation of the organ shape in some special
disease, it is widely utilized in medical image processing,
such as medical image registration and segmentation [4, 5].
Inspired by the work of active shape model (ASM), 3D
ASM was proposed for construction of 3D statistical models
for segmentation of the left ventricle of the heart [6]. The
statistical shape models also show good performance for

distinguishing the abnormal liver from the normal one in
[7]. Because many diseases change the texture (voxel value)
of the organ significantly, we need to capture not only shape
variations, but also texture (voxel value) variations. So the
active appearance model (AAM) is proposed which can
represent both shape and texture information. In [8], 3D
active appearance model is used for segmentation of cardiac
MR and ultrasound images. It is also possible to combine the
two approaches together. For example, Mitchell et al. [9] used
a combination of ASM and AAM to segment cardiac images.
At each iteration, the two models ran independently to
compute new estimates of the pose and shape parameters. For
diagnosis assistance, making an accuracy diagnosis decision
of liver is important for patient. Radiologists are mainly
depending on the intensity variations (texture information)
in livers on medical images to identify modules or tumors
andmake a diagnostic decision.However, there has been little
research on applications of digital atlas to CAD.

Compared to statistical shapemodeling, statistical texture
modeling usually faces overfitting problems, and the statis-
tical texture modeling for medical volumes is a challenging
task because the dimensions of the medical volume are
very high, while the training samples are fewer than the
dimensions of the data. In [10], we have proposed generalized
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(a) Model-1 (column) fibers x
:𝑗𝑘

(b) Model-2 (row) fibers x
𝑖:𝑘

(c) Model-3 (tube) fibers x
𝑖𝑗:

Figure 1: Fibers of a 3rd-order tensor.

(a) Horizontal slices X
𝑖::

(b) Lateral slices X
:𝑗:

(c) Frontal slices X
::𝑘

(or X
𝑘
)

Figure 2: Slices of a 3rd-order tensor.

N-dimensional principal component analysis (GND-PCA)
for the modeling of a series of medical volumes. It is able
to achieve good performance on construction of statistical
appearance models for medical volumes with few samples.
The medical volume is treated as a 3rd-order tensor, and the
optimal subspace on each mode is calculated simultaneously
byminimizing the square error between the original volumes
based on the subspace with an iteration algorithm. However,
this method has some disadvantages, such as each basis of
the GNDPCA not being independent and thus making the
core tensor of the final result redundant. Also it is difficult to
choose the distinctive basis for classification.

To resolve the these problems, in our previous work, we
proposed a linear tensor coding (LTC) algorithm, which can
achieve more compact and meaningful tensor bases than
GND-PCA [11, 12]. In this paper, we first apply it to statistical
texture modeling of medical volumes. With LTC, medical
volumes can be represented by a linear combination of bases,
which are mutually independent. Furthermore, it is possible
to choose the distinctive basis for classification.The proposed
method was evaluated using a medical volume database. In
the experiment, we compared both reconstructed results and
classification results of LTC and GND-PCA. As for recon-
struction results, the performance of LTC is superior to that
of GND-PCA. Additionally, in the classification part, we first
choose the distinctive basis based on the correlation between
category labels and the coefficients of LTC basis, and then
we use the selected basis for classification. The classification

accuracy can be significantly improved by the use of selected
distinctive basis.

This paper is organized as follows. In Section 2, a brief
review of basic theory of tensor and GND-PCA is made.
LTC algorithm is introduced in Section 3, and analysis is
given. Section 4 is the experimental part, and it illustrates
the performance of LTC to be better than that of GND-PCA.
Section 5 summarizes the key points of this paper.

2. Preliminaries

In this section, we provide a brief overview of tensor andmul-
tilinear algebra. In mathematics, multilinear algebra extends
the methods of linear algebra. Just as linear algebra is built
on the concept of a vector and develops the theory of vector
spaces, multilinear algebra builds on the concepts of a tensor.
A tensor is a multidimensional array. More formally, an𝑁th-
order tensor is an element of the tensor product of𝑁 vector
spaces, each of which has its own coordinate system.

2.1. Tensor Definitions. As mentioned earlier, scalers are
denoted by italic-shape letters, that is, (𝑎, 𝑏, . . .) or (𝐴, 𝐵, . . .).
Bold lower case letters, that is, (a, b, . . .), are used to represent
vectors. Matrices are denoted by bold upper case letters, that
is, (A,B, . . .), and higher-order tensors (more than third-
order tensor) are denoted by calligraphic upper case letters,
that is, (A,B, . . .).
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IN: a series of𝑁th order tensors,A
𝑖
∈ R𝐼1× 𝐼2×⋅⋅⋅×𝐼𝑁 , 𝑖 = 1, 2, . . . ,𝑀.

OUT:𝑁Matrices U(𝑛)opt ∈ R𝐼𝑛×𝐽𝑛 (𝐽
𝑛
= 1, 𝑛 = 1, 2, . . . , 𝑁) with orthogonal column vectors.

(1) Initial values: 𝑘 = 0 and U(𝑛)
0

whose columns are determined as the first
𝐽
𝑛
leading eigenvectors of the matrices ∑𝑀

𝑖=1
(A
𝑖(𝑛)
⋅ A𝑇
𝑖(𝑛)
).

(2) Iterate for 𝑘 until convergence
(i) Maximize 𝑆 = ∑𝑀

𝑖=1


C
𝑖
×
1
U(1)𝑇



2

, C
𝑖
= A
𝑖
×
2
U(2)
𝑘

𝑇

× ⋅ ⋅ ⋅ ×
𝑁
U(𝑁)
𝑘

𝑇

Solution: U(1) whose columns are determined as the first 𝐽
1
leading

eigenvectors of∑𝑀
𝑖=1
(C
𝑖(1)
⋅ C𝑇
𝑖(1)
)

Set U(1)
𝑘+1

= U(1).
(ii) Maximize 𝑆 = ∑𝑀

𝑖=1


C
𝑖
×
2
U(2)𝑇



2

, C
𝑖
= A
𝑖
×
1
U(1)
𝑘+1

𝑇

×
3
U(3)
𝑘

𝑇

× ⋅ ⋅ ⋅ ×
𝑁
U(𝑁)
𝑘

𝑇

Solution: U(2) whose columns are determined as the first 𝐽
2
leading

eigenvectors of ∑𝑀
𝑖=1
(C
𝑖(2)
⋅ C𝑇
𝑖(2)
)

Set U(2)
𝑘+1

= U(2).
. . .

(iii) Maximize 𝑆 = ∑𝑀
𝑖=1


C
𝑖
×
𝑛
U(𝑛)𝑇



2

,

C
𝑖
= A
𝑖
×
1
U(1)
𝑘+1

𝑇

× ⋅ ⋅ ⋅ ×
𝑛−1

U(𝑛−1)
𝑘+1

𝑇

×
𝑛+1

U(𝑛+1)
𝑘

𝑇

× ⋅ ⋅ ⋅ ×
𝑁
U(𝑁)
𝑘

𝑇

Solution: U(𝑛) whose columns are determined as the first 𝐽
𝑛
leading

eigenvectors of ∑𝑀
𝑖=1
(C
𝑖(𝑛)
⋅ C𝑇
𝑖(𝑛)
)

Set U(𝑛)
𝑘+1

= U(𝑛).
. . .

(iv) Maximize 𝑆 = ∑𝑀
𝑖=1


C
𝑖
×
𝑁
U(𝑁)𝑇



2

, C
𝑖
= A
𝑖
×
1
U(1)
𝑘+1

𝑇

× ⋅ ⋅ ⋅ ×
𝑁−1

U(𝑁−1)
𝑘+1

𝑇

Solution: U(𝑁) whose columns are determined as the first 𝐽
𝑁
leading

eigenvectors of ∑𝑀
𝑖=1
(C
𝑖(𝑁)

⋅ C𝑇
𝑖(𝑁)
)

Set U(𝑁)
𝑘+1

= U(𝑁).
𝑘 = 𝑘 + 1

(3) Set U(1)opt = U(1)
𝑘
, U(2)opt = U(2)

𝑘
, . . . ,U(𝑁)opt = U(𝑁)

𝑘
.

Algorithm 1: GND-PCA.

The order of a tensor is the number of dimensions, as
known as ways or modes. An𝑁th-order tensorA is defined
as a multiarray with𝑁 indices, whereA ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 andR
is the real manifold. Elements of the tensorA are denoted as
𝑎
𝑖
1
⋅⋅⋅𝑖
𝑛
⋅⋅⋅𝑖
𝑁

, where 1 ⩽ 𝑖
𝑛
⩽ 𝐼
𝑛
. The space of the𝑁th-order tensor

is comprised by the𝑁mode subspaces. From the perspective
of A, scalars, vectors, and matrices can be seen as zeroth-
order, first-order, and second-order tensors, respectively.

The 𝑖th entry of a vector a is denoted by 𝑎
𝑖
, element (𝑖, 𝑗)

of a matrix A is denoted by 𝑎
𝑖𝑗
, and element (𝑖, 𝑗, 𝑘) of a 3rd-

order tensor X is denoted by 𝑥
𝑖𝑗𝑘
. Indices typically range

from 1 to their capital version; for example, 𝑖 = 1, . . . , 𝐼.
The 𝑛th element in a sequence is denoted by a superscript
in parentheses; for example, A𝑛 denotes the 𝑛th matrix in a
sequence.

Subarrays are formedwhen a subset of the indices is fixed.
For matrices, these are the rows and columns. A colon is used
to indicate all elements of a mode. Thus, the 𝑗th column of A
is denoted by a

:𝑗
, and the 𝑖th row of A is denoted by a

𝑖:
.

Fibers are the higher-order analogue of matrix rows and
columns. A fiber is defined by fixing every index but one. A
matrix column is amode-1 fiber and amatrix row is amode-2
fiber. Third-order tensors have column, row, and tube fibers,
denoted as x

:𝑗𝑘
, x
:𝑗𝑘
, and x

:𝑗𝑘
, respectively. Fibers of a Third-

order tensors are shown in Figure 1.

Slices are two-dimensional sections of a tensor, defined
by fixing all but two indices. Figure 2 shows the horizontal,
lateral, and frontal slices of a third-order tensor X, denoted
by X
𝑖::
, X
:𝑗:
, and X

::𝑘
, respectively.

The norm of a tensor X ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 is the square root
of the sum of the squares of all its element; that is,

‖X‖ = √
𝐼
1

∑

𝑖
1
=1

𝐼
2

∑

𝑖
2
=1

⋅ ⋅ ⋅

𝐼
𝑁

∑

𝑖
𝑁
=1

𝑥
2

𝑖
1
𝑖
2
...𝑖
𝑁

. (1)

This is analogous to the matrix Frobenius norm, which is
denoted as ‖A‖ for a matrix A.

The inner product of two same-sized tensors X,Y ∈

R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 is the sum of the products of their entries; that
is,

⟨X,Y⟩ =

𝐼
1

∑

𝑖
1
=1

𝐼
2

∑

𝑖
2
=1

⋅ ⋅ ⋅

𝐼
𝑁

∑

𝑖
𝑁
=1

𝑥
𝑖
1
𝑖
2
⋅⋅⋅𝑖
𝑁

𝑦
𝑖
1
𝑖
2
⋅⋅⋅𝑖
𝑁

. (2)

It follows immediately that ⟨X,X⟩ = ‖X‖2.
A𝑁-order tensorX ∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 is rank one if it can be

written as the outer product of𝑁 vectors; that is,

X = a(1) ∘ a(2) ∘ ⋅ ⋅ ⋅ ∘ a(𝑁). (3)
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IN: a series of𝑁th order tensors,A
𝑖
∈ R𝐼1× 𝐼2×⋅⋅⋅×𝐼𝑁 , 𝑖 = 1, 2, . . . ,𝑀. Define𝑁Matrices

U(𝑛)opt ∈ R𝐼𝑛×𝐽𝑛 (𝐽
𝑛
= 1, 𝑛 = 1, 2, . . . , 𝑁) with orthogonal column vectors.

OUT: 𝑆 Rank-1 basis tensorB
𝑠
, 𝑠 ≤ 𝑆 𝑆 depends on convergence.

Iterate for 𝑠 until convergence
(1) Initial values:A

𝑖
= A
𝑖
−A

Rec𝑠
𝑖

, defineARec𝑠
𝑖

= 0.
(2) (a) Initial values: 𝑘 = 0 and U(𝑛)

0
whose columns are determined as the first 𝐽

𝑛
leading

eigenvectors of the matrices ∑𝑀
𝑖=1
(A
𝑖(𝑛)
⋅ A𝑇
𝑖(𝑛)
).

(b) Iterate for 𝑘 until convergence
(i) Maximize 𝑆 = ∑𝑀

𝑖=1


C
𝑖
×
1
U(1)𝑇



2

, C
𝑖
= A
𝑖
×
2
U(2)
𝑘

𝑇

× ⋅ ⋅ ⋅ ×
𝑁
U(𝑁)
𝑘

𝑇

Solution: U(1) whose columns are determined as the first 𝐽
1
leading eigenvectors

of ∑𝑀
𝑖=1
(C
𝑖(1)
⋅ C𝑇
𝑖(1)
)

Set U(1)
𝑘+1

= U(1).
(ii) Maximize 𝑆 = ∑𝑀

𝑖=1


C
𝑖
×
2
U(2)𝑇



2

, C
𝑖
= A
𝑖
×
1
U(1)
𝑘+1

𝑇

×
3
U(3)
𝑘

𝑇

× ⋅ ⋅ ⋅ ×
𝑁
U(𝑁)
𝑘

𝑇

Solution: U(2) whose columns are determined as the first 𝐽
2
leading eigenvectors

of ∑𝑀
𝑖=1
(C
𝑖(2)
⋅ C𝑇
𝑖(2)
)

Set U(2)
𝑘+1

= U(2).
. . .

(iii) Maximize 𝑆 = ∑𝑀
𝑖=1


C
𝑖
×
𝑛
U(𝑛)𝑇



2

,

C
𝑖
= A
𝑖
×
1
U(1)
𝑘+1

𝑇

× ⋅ ⋅ ⋅ ×
𝑛−1

U(𝑛−1)
𝑘+1

𝑇

×
𝑛+1

U(𝑛+1)
𝑘

𝑇

× ⋅ ⋅ ⋅ ×
𝑁
U(𝑁)
𝑘

𝑇

Solution: U(𝑛) whose columns are determined as the first 𝐽
𝑛
leading eigenvectors

of ∑𝑀
𝑖=1
(C
𝑖(𝑛)
⋅ C𝑇
𝑖(𝑛)
)

Set U(𝑛)
𝑘+1

= U(𝑛).
. . .

(iv) Maximize 𝑆 = ∑𝑀
𝑖=1


C
𝑖
×
𝑁
U(𝑁)𝑇



2

, C
𝑖
= A
𝑖
×
1
U(1)
𝑘+1

𝑇

× ⋅ ⋅ ⋅ ×
𝑁−1

U(𝑁−1)
𝑘+1

𝑇

Solution: U(𝑁) whose columns are determined as the first 𝐽
𝑁
leading eigenvectors

of ∑𝑀
𝑖=1
(C
𝑖(𝑁)

⋅ C𝑇
𝑖(𝑁)
)

Set U(𝑁)
𝑘+1

= U(𝑁).
𝑘 = 𝑘 + 1

(c) Set U(1)opt = U(1)
𝑘
, U(2)opt = U(2)

𝑘
, . . . ,U(𝑁)opt = U(𝑁)

𝑘
.

(3) Size of U(𝑖)opt is 𝐼𝑖 × 1, each basisB
𝑠
= U(1)opt ⊗ U(2)opt ⊗ ⋅ ⋅ ⋅ ⊗ U(𝑁)opt .

(4) For each data, coefficient on this basis 𝑐
𝑖,𝑠
= A
𝑖
×
1
U(1)
𝑘

𝑇

×
2
U(2)
𝑘

𝑇

× ⋅ ⋅ ⋅ ×
𝑁
U(𝑁)
𝑘

𝑇

.
(5) For each dataARec𝑠

𝑖
= 𝑐
𝑖,𝑠
⋅B
𝑠
.

Algorithm 2: Iteration algorithm of LTC.

=

a

b

c

𝒳

Figure 3: Rank-one 3rd-order tensor,X = a ∘ b ∘ c.

The symbol “∘” represents the vector outer product. This
means that each element of the tensor is the product of the
corresponding vector elements: 𝑥

𝑖
1
𝑖
2
⋅⋅⋅𝑖
𝑁

= 𝑎
(1)

𝑎
(2)

⋅ ⋅ ⋅ 𝑎
(𝑁), for

all 1 ≤ 𝑖
𝑛
≤ I
𝑁
. Figure 3 illustratesX = a ∘ b ∘ c, a third-order

rank-one tensor.

2.2. GND-PCA. GND-PCA was proposed by Xu and Chen
for statistical appearance modeling of medical volumes with
few samples [10].Themedical volume is treated as a 3rd-order
tensor, and the optimal subspace on each mode is calculated
simultaneously by minimizing the square error between the
original volumes and reconstructed ones. In the following
part of this section, we will briefly review the algorithm of
GND-PCA.

Given a series of the N-order tensors with zero-means
A
𝑖
∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 , 𝑖 = 1, 2, . . . ,𝑀,𝑀 is the number of sam-

ples. We aim to get another series of low rank {𝐽
1
, 𝐽
2
. . . 𝐽
𝑁
}

tensors
∧

A
𝑖
which accurately approximate the original tensors,

where 𝐽
𝑛
≤ 𝐼
𝑛
. The new series is decomposed by the matrices

U(𝑛) ∈ R𝐼𝑛×𝐽𝑛 with orthogonal columns according to the
Turker Model [13] which is shown by

∧

A
𝑖
=B
𝑖
×
1
U(1)×
2
U(2) × ⋅ ⋅ ⋅ ×

𝑛
U(𝑛) × ⋅ ⋅ ⋅ ×

𝑁
U(𝑁), (4)
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Figure 4: Illustration of reconstructing a third-order tensor by the
principal component B

𝑖
and the three orthogonal bases of mode

subspaces U(1)opt ,U
(2)

opt ,U
(3)

opt.

+ · · · · · ·≈ ci,1 ∗ + ci,2 ∗
ℬ1 ℬ2

𝒜i

Figure 5: Example of representing the third-order tensor using a
series of bases.

where B
𝑖
∈ R𝐽1×𝐽2×⋅⋅⋅×𝐽𝑁 are the core tensors. The product

operator in (4) is matrix product. Tensor B
𝑖
will unfold to

matrix in each mode and then products with orthogonal
matrix in each mode. The orthogonal matrices U(𝑛) can be
determined by minimizing the cost function as

𝑆 =

𝑀

∑

𝑖=1


A
𝑖
−B
𝑖
×
1
U(1)×
2
U(2) × ⋅ ⋅ ⋅ ×

𝑁
U(𝑁)

2

. (5)

The tensorB
𝑖
is chosen as

B
𝑖
= A
𝑖
×
1
U(1)
𝑇

×
2
U(2)
𝑇

× ⋅ ⋅ ⋅ ×
𝑁
U(𝑁)
𝑇

. (6)

Minimization of (5) is equal to the maximization of the
following equation:

𝑆


=

𝑀

∑

𝑖=1


A
𝑖
×
1
U(1)
𝑇

×
2
U(2)
𝑇

× ⋅ ⋅ ⋅ ×
𝑁
U(𝑁)
𝑇


2

. (7)

There is no close-form solution to simultaneously resolve
the matrices for (4); however, the explicit solution for one
matrix can be obtained if the other matrices are fixed. This
is expressed by Lemma 1 and is explained later.

Lemma 1. Given the fixed matrices, U(1),U(2), . . . ,
U(𝑛−1),U(𝑛+1), . . . ,U(𝑁), if the columns of the matrix U(𝑛)
are selected as the first 𝐽

𝑁
leading eigenvectors of matrix

∑
𝑀

𝑖=1
(𝐶
𝑖(𝑛)

⋅ 𝐶
𝑖(𝑛)

𝑇

), where 𝐶
𝑖(𝑛)

is the mode-n matrix of the
tensor C

𝑖
= A
𝑖
×
1
U(1)×
2
U(2) × ⋅ ⋅ ⋅ ×

𝑛−1
U(𝑛−1)×

𝑛+1
U(𝑛+1) ×

⋅ ⋅ ⋅ ×
𝑁
U(𝑁), the cost function 𝑆 can be maximized.

The proof of Lemma 1 is given in [10], so here it will not
be given again. According to Lemma 1 we can use an iteration
algorithm to get theN optimal matrices,U(1)opt,U

(2)

opt, . . . ,U
(𝑁)

opt ,
which are able to maximize the cost function 𝑆

. This
algorithm is summarized by Algorithm 1.

Medical volume

Normalized volume

Texture information

Statistical texture model

Segmentation
and

registration

Feature extraction

Figure 6: The flow chart of our experiment.

Using the calculated matrices U(𝑛)opt, 𝑛 = 1, 2, . . . , 𝑁,

each of the volume A
𝑖
are represented with least errors

∧

A
𝑖
,

where
∧

A
𝑖
= B
𝑖
×
1
U(1)×
2
U(2) × ⋅ ⋅ ⋅ ×

𝑛
U(𝑛) × ⋅ ⋅ ⋅ ×

𝑁
U(𝑁). The

approximation can be illustrated by Figure 4 for the 3D case.
The core tensorsB

𝑖
are the principle components.

3. Linear Tensor Coding

Although GND-PCA can achieve good performance on
construction of statistical appearance models for medical
volumes with few samples, it still has some disadvantages.
Each basis of GND-PCA is not independent, so the core
tensor of the final result is still redundant. And it is difficult to
understand the meaning of each basis.Thus for given a series
of the 𝑁-order tensors with zero-means A

𝑖
∈ R𝐼1×𝐼2×⋅⋅⋅×𝐼𝑁 ,

𝑖 = 1, 2, . . . ,𝑀, we want to find another series of bases which
have mutual independence and greater discrimination to
represent the original tensors. Each tensor A

𝑖
is represented

by basis: A
𝑖
= ∑
𝑗=1
𝑐
𝑖,𝑗
⋅ B
𝑗
. Here the tensor B

𝑗
is basis

which has the same size as the input tensor, and the scalar
𝑐
𝑖,𝑗
is the coefficient of the tensor A

𝑖
. Figure 5 illustrates the

representation of one original tensor using a series of bases.
In mathematics, the problem of getting the compact rep-

resentation can be formulated as the optimization equation

(B
1
,B
2
, . . .) = arg min

𝑀

∑

𝑖=1



A
𝑖
− ∑

𝑗=1

𝑐
𝑖,𝑗
⋅B
𝑗



. (8)

Since the objective function is multiquadratic, there is no
closed-form solution for this optimization. In addition, the
number of bases is unfixed; hence, the optimization proce-
dure is sensitive to initial estimation and easy to converge to
local minima.

To address such problems, we have developed an algo-
rithm: linear tensor coding algorithm (LTC) in our previous
work [11, 12]. There are two important components in our
algorithms; one is a local convergence to find optimized basis
B
𝑗
and the other is a global convergence to find the number

of bases.
In the local parts, the GND-PCA method is applied for

calculation of each basis. Inspired by (3), if we get N vectors,
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Normal data

Abnormal data

Original data

(a)

Registration result

(b)

Figure 7: Original data and morphed data, respectively. The first column is original data and the second column is morphed data.

Basis 1

Basis 2

Basis 3

Basis 4

Basis 5

0−1.5𝜆 −𝜆 𝜆 1.5𝜆

Figure 8: The slices of novel ensembles described by the first five
bases, respectively. It changes the value of coefficients from −1.5𝜆

1

to 1.5𝜆
1
of each basis.

we can generate an N-order tensor. Thus when we calculate
the eigenspace on each mode, we only need the first vector
u(𝑖)
1

of each U(𝑖) which is the eigenvector with the largest
eigenvalue in the corresponding mode. We choose u(𝑖)

1
, 1 ⩽

𝑖 ⩽ 𝑁 as a set of initial estimations and the first tensor-formed
base is calculated by

B
1
= u(1)
1
∘ u(2)
1
∘ ⋅ ⋅ ⋅ ∘ u(𝑁)

1
. (9)

For each training tensor, the parameters corresponding to
the first base are calculated by

𝑐
𝑖,1
= A
𝑖
×
1
u(1)
1

𝑇

×
2
u(2)
1

𝑇

× ⋅ ⋅ ⋅ ×
𝑁
u(𝑁)
1

𝑇

. (10)

(1) (2) (3) (4) (5)

(7) (8) (9) (10)

(19) (20)(17) (18)
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(16)

(6)
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(19)

(10)

(20)

(15)(14)(13)(12)

Figure 9: The first twenty bases. It illustrates that each basis can
represent a local feature.

After getting the first base, we calculate the residual parts of
each training tensor:A

𝑖
= A
𝑖
−𝑐
𝑖,1
⋅B
1
.The residual partsA

𝑖

are used instead of A
𝑖
. Then the previous step was repeated,

to calculate the basis one by one. The process to find a series
of bases is a greedy approach to approximate the original
tensors.

A global convergence is worked to find a number of bases.
Recalling (8), we assign a threshold 𝑟. The process ends after
finding the 𝐽 basis, when the sum of norms of the residual
tensors is below 𝑟, as shown in (11). Then each tensor data is
representedwith a group of coefficients with the benefit of the
obtained basis. Consider

norm(

𝑀

∑

𝑖=1



A
𝑖
−

𝐽

∑

𝑗=1

𝑐
𝑖,𝑗
∗B
𝑗



) ≤ 𝑟. (11)



Computational and Mathematical Methods in Medicine 7

The global process converges to a local minima, and thus
there is no guarantee that there will be a global one. As this
is a greedy approach, it suffers from the shortcoming that
previous decisions are not reevaluated as the process unfolds.
However, this specific greedy rule has a critical feature which
makes it useful for tensor coding. Note that the optimization
approach converges to a local minima in general, but in the
case we just choose one base in LTC, one obtains GND-PCA
for representing the data with a core tensor of which the rank
of each mode is 1. So LTC can be considered as an extension
of GND-PCA. The algorithm is shown in Algorithm 2.

4. Experimental Results

The proposed method is evaluated by using a liver database.
In this database, there are 10 normal healthy ones and 10
abnormal ones. The size of each sample is 256 × 256 × 79.
The flow chart of our experiment is shown in Figure 6.

In order to remove shape variations, we apply a nonrigid
transformation based on mathematical forms for morphing
all the datasets to a same shape. Any nonrigid registration
technique can be described by three components: a transfor-
mation which relates the target and source images, a simi-
larity measure which measures the similarity between target
and source image, and an optimization which determines the
optimal transformation parameters as a function of the sim-
ilarity. Additionally, we do not need to assume the physical
parameters, which are difficult to guess in practice. Hence,
we adopted themathematical nonrigid transformation in our
research. For the detailed process, please refer to [14].

The pretreated database is assigned as original database,
and shape-normalized samples are assigned as morphed
database. Figure 7 shows some original data and morphed
data, respectively. The first column is original data and the
second column is morphed data. The first row is one sample
of the normal ones, and the second row is one sample of
the abnormal ones. This illustrates that all the samples have
familiar shapes, so the shape information does not effect
experimental results.

Because we want to build a statistical texture model, each
data can be represented by

A
𝑖
=M +

𝐾

∑

𝑘=1

𝑐
𝑖,𝑘
∗B
𝑘
. (12)

Here M is the mean texture and 𝑐
𝑖,𝑘

are the coefficients.
Supposing the coefficients 𝑐

𝑖,𝑘
to followGaussian distribution,

we can estimate the mean𝑚
𝑘
and derivation 𝜆2

𝑘
.

By adjusting the parameter, we can construct a novel
ensemble by

Ã =M + 𝑐
𝑘
∗B
𝑘
. (13)

Here 𝑐
𝑘
is adjusted coefficient, −2𝜆

𝑘
⩽ 𝑐
𝑘
⩽ 2𝜆

𝑘
.

Figure 8 illustrates the slices of novel ensembles described
by the first five bases, respectively. They demonstrate that
while changing the value of first coefficients from −1.5𝜆

1
to

1.5𝜆
1
, the intensity of left part has obviously changed, and

the second basis mainly has effect on the right corner of
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Figure 10: The coefficient of each basis for LTC.
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Figure 11: Reconstruction accuracy versus number of basis.

the slice. Furthermore, Figure 9 shows the first twenty bases;
it illustrates that different bases can have effect on different
parts. Thus we can change the local intensity of slice through
change the coefficient of basis.

Figure 10 shows the values of coefficientwhen the number
of bases is different for LTC. It illustrates that the first several
values are obviously larger than the other ones. Because of
this, the volume can be reconstructed by less bases than
GND-PCA.

Figure 11 shows the graph of normalized correlation
between original volume and reconstructed volume for dif-
ferent number of bases.The value of normalized correlation is
between 0 and 1. The more similar the two volumes are, the
larger its value is. The result in Figure 11 illustrates that the
original volume can be better reconstructed by LTCwhen the
number of bases is the same as GND-PCA.

For classification, the coefficients are used as the feature;
SVM and KNN are utilized as classifiers, respectively. For
LTC, we trained 1200 bases, and for GND-PCA, the size of
core-tensor is 20× 20× 3. And we used leave one out method
to do the classification. Figure 12 shows the distribution of
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Figure 12: The distribution of coefficients of the first four bases. The blue one represents the normal liver and the red one represents the
abnormal liver. The number in the brackets is the correlation coefficients.

coefficients of the first four bases of LTC. The blue ones are
the normal livers, and the red ones are abnormal livers. The
number in the brackets is the correlation coefficient which is
calculated by

correlation =
∑
𝑛

𝑖
(𝑐
𝑖
− 𝑐) (𝑙

𝑖
− 𝑙)

√∑
𝑛

𝑖
(𝑐
𝑖
− 𝑐)
2

(𝑙
𝑖
− 𝑙)
2

. (14)

Here, 𝑛 is the number of samples, 𝑐
𝑖
is the coefficient of

one fixed basis of LTC, and 𝑙
𝑖
∈ {−1, 1}, 1 ≤ 𝑖 ≤ 𝑛, is the

label of the samples. In our experiments,−1 represents normal
liver, and 1 represents abnormal liver. For each basis, we can
get a correlation coefficient. From the correlation coefficients
in Figure 12, it illustrates that it is difficult for classification if
using these basis because the correlation coefficients are so
small. Thus, we firstly chose the basis using the correlation
coefficients. But GND-PCA cannot choose basis because
the core tensor is directly used for classification. Figure 13
shows the coefficients of the first four bases chosen through
correlation coefficients. The blue ones are the normal livers,
and the red ones are abnormal livers. The first number in the
bracket is the position of basis in the original basis set and the

second number in the bracket is the correlation coefficient of
corresponding basis.

Table 1 is the classification accuracy using different clas-
sifiers. Before choosing bases, we used all the basis for
classification. We can see that the classification accuracies of
LTC and GND-PCA are both bad. Then we choose the first
one hundred bases which have greater correlation coefficients
for classification. The classification accuracy is obviously
improved.

5. Conclusion

In this paper, we describe a statistical texture modeling
method for medical volumes which is known as LTC. LTC
is an extension of GND-PCA. The medical volume such as
the volume of the liver is represented by a linear combination
of bases which have the same size as the tensor. Each
basis is mutual independence and more discriminate than
that of GND-PCA. In our experiments, we compared both
reconstructed results and classification results of LTC and
GND-PCA. As for reconstruction results, the performance
of LTC is superior to that of GND-PCA. Additionally, in
the classification part, we firstly chose the distinctive basis
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Figure 13: The distribution of coefficients of the first four basis chosen through correlation coefficients. The blue ones are the normal livers,
and the red ones are abnormal livers. The first number in the bracket is the position of basis in the original basis set and the second number
in the bracket is the correlation coefficient.

Table 1: The classification accuracy of GND-PCA and LTC.

SVM KNN
GND-PCA 7/20 10/20
LTC with all 1200 bases 7/20 9/20
LTC with 100 selected bases 19/20 19/20

through the correlation between category labels and the
coefficients of basis of LTC.And thenwe use the selected basis
for classification.The classification accuracy was significantly
improved by the use of selected distinctive basis. Future
work will involve testing our method with more data sets for
classification and using our method in practical applications.
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Early detection of pulmonary nodules is extremely important for the diagnosis and treatment of lung cancer. In this study, a new
classification approach for pulmonary nodules from CT imagery is presented by using hybrid features. Four different methods
are introduced for the proposed system. The overall detection performance is evaluated using various classifiers. The results are
compared to similar techniques in the literature by using standard measures. The proposed approach with the hybrid features
results in 90.7% classification accuracy (89.6% sensitivity and 87.5% specificity).

1. Introduction

Computer aided detection (CAD) system is an extremely
important task for the detection of pulmonary nodules in
medical images. To attain a more reliable and accurate
diagnosis, CAD systems have been recently developed to
assist interpretation of the medical images. The systems that
find true positive findings from the medical images are
especially important in that they can also help radiologists
in the identification of early stage pulmonary nodules. To
best interpret the information revealed in the images, expe-
rienced physicians are required; however, such experts may
reach different diagnosis results for the same set of medical
imaging. Thus, CAD system is an intensive tool that can
provide radiologists with a second opinion to improve the
sensitivity of their diagnosis decision-making process [1].The
aim of a CAD system is to provide diagnosis information
to improve clinical decision-making process; therefore, its
success is related directly to its disease detection accuracy
[2]. Today, CAD systems are frequently utilized to detect
and diagnose numerous abnormalities in routine clinical
work. CAD systems are usually specialized in anatomical
regions such as the thorax, breast, or colon by using certain
medical imaging technologies such as radiography, computed
tomography (CT), ormagnetic resonance imaging (MRI) [3].

Recently, lung cancer is still considered a major cause of
deaths from cancer worldwide. In particular, it is one of the
main public health issues in the developed industrial coun-
tries [4, 5]. This makes the treatment of lung cancer a very
important task in the war against cancer. Early detection of
potentially cancerous pulmonary nodules is highly important
for improving the patient’s chance of survival. Multidetector
computed tomography system is a very sensitive imaging
modality to detect small pulmonary nodules.

In previous studies, classification systems were devel-
oped by using the features of nodule candidate patterns
with image-processing techniques [6–8], by classifying the
shape of pulmonary nodule patterns [9, 10] and by using
morphological features [11, 12]. To classify lung nodules,
neural network approaches [13, 14] and Fisher linear discrim-
inant classifier [15, 16] were proposed. In addition, several
approaches have been proposed to detect pulmonary nodules
in thin-slice helical computed tomography images [17, 18].
Similar techniques are introduced by using genetic algorithm
with the random subspace method [19, 20], a single support
vector machine [21], and random forest classifiers [22, 23].
Recently, the ensemble learning methods have been applied
to classification problems [24, 25]. Especially, the ensemble
learning algorithms such as bagging and adaboost are shown
to be superior to a single classifier [26, 27].

http://dx.doi.org/10.1155/2013/148363
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In this study, a combination of four differentmethods was
proposed for feature extraction from CT images.

Method 1. Two-dimensional principal component analysis
(2D-PCA) applied to dataset.

Method 2. Statistical features obtained from 2D-PCA values.

Method 3. Geometric features obtained by using the regional
descriptors of the 2D patterns based on the basic morpholog-
ical shape information.

Method 4. Selecting the best features of the above three
methods with mRMR (minimum Redundancy Maximum
Relevance) method, hybrid features are obtained by combin-
ing the best features.

To perform a rigorous validation with the proposed
system, completely independent training and testing datasets
are utilized. All nodules in the dataset are first tuned/trained
using a dataset provided as a courtesy of the University of
Istanbul, Cerrahpasa Faculty of Medicine.

A classification task forms the backbone of a computer
aided detection system. In this paper, we propose a new
classification approach for pulmonary nodules using hybrid
features to be used in such a CAD system. The objective of
the proposed study is to analyze the effect of the hybrid fea-
tures on classification of pulmonary nodules. The proposed
classification approach has several novel potential roles.

(i) To be used as an effective filtering method to reduce
the number of false positives in a CAD system.

(ii) To increase the diagnostic accuracy of the detection
system.

The rest of this paper is organized as follows. The pro-
posed classification approach for a CAD system andmethods
used in the algorithm are described in Section 2.This section
includes the database information, feature extraction, feature
selection, and classifier algorithms. Overall performance of
the proposed system as well as comparisons with six other
previously presented CAD systems is presented in Section 3.
Conclusions are given in Section 4.

2. Materials and Methods

2.1. Pulmonary Nodule Database and Imaging Protocol. In
the study, dataset containing 95 pulmonary nodules and 75
nonnodules patterns obtained from two-dimensional (2D)
CT images from 63 patients was utilized. The 2D pulmonary
nodule patterns are manually marked on CT image by
radiologists. Then, the nodule pattern is extracted from the
CT image as illustrated in Figure 1. Other patterns in the lung
parenchyma similar to nodules but not marked as “nodule”
by the radiologists are selected as the member patterns of
nonnodule class. Images are collected from 39 male and 24
female patients whose ages are ranging from 25 to 78 years
[mean = 55.4 ± 12.3 years]. The number of pulmonary
nodules detected in the right and left lung parenchyma, as
illustrated in Figure 2, is a total of 67 (20 in the upper part,
20 on the bottom part, and 27 pleural cases) and a total of 28

(12 in the upper part, 8 on the bottom part, 8 pleural case),
respectively.

The average nodule diameter is 6.42 ± 3.00mm. The
diameter distribution of the nodules used in the database
is shown in Figure 3. Also nodule and nonnodule pattern
samples used in dataset are given in Figure 4. The age
distribution of the patients is illustrated in Figure 5.

The dataset was obtained from chest CT images of
patients scanned by using “Sensation 16” CT scanner
(Siemens Medical Systems) between 2010 and 2012 at Radi-
ology Department, Cerrahpasa Medicine Faculty, Istanbul
University. CT scans were acquired at a tube potential voltage
of 120 kVp. All CT images are in size of 512 × 512 pixels and
stored as DICOM (Digital Imaging and Communications in
Medicine) format files, directly from the CT modality.

2.2. Feature Extraction

2.2.1. Two-Dimensional Principal Component Analysis (2D-
PCA). Principal component analysis (PCA) is defined as a
classical dimension reduction method for feature extraction
and data representation technique widely used in the areas of
pattern recognition, computer vision, and signal processing
[28]. Eigenvalue and eigenvector components are ranked
according to their variance to the principal axes and ranked
from having the most contribution to the least one. Number
of the reduced dimension is based on summed contribution
of the eigenvalues exceeding 99%. It provides a dimensional-
ity reduction with an unsupervised learning algorithm [29].
Consider the following.

Let 𝑥 be an 𝑛-dimensional column vector. The project
image 𝐴 is an 𝑚𝑥𝑛 matrix, onto 𝑥 by 𝑦 = 𝐴𝑥. In order to
determine the optimal projection vector 𝑥, the total scatter of
the projected samples 𝑆

𝑥
is utilized to measure the optimality

of 𝑥

𝑆
𝑥
= 𝑥
𝑇

𝐸 {[𝐴 − 𝐸 (𝐴)]
𝑇

[𝐴 − 𝐸 (𝐴)]} 𝑥 = 𝑥
𝑇

𝑆
𝐴
𝑥, (1)

where 𝑆
𝐴
depicts the image covariance matrix.

Suppose that there are 𝑀 training samples 𝐴
𝑖
{𝑖 =

1, 2, 3, . . . ,𝑀} and 𝐴 is the average image,

𝑆
𝐴
=

1

𝑀

𝑀

∑

𝑖=1

[𝐴
𝑖
− 𝐴]
𝑇

[𝐴
𝑖
− 𝐴] . (2)

The optimal projection direction 𝑥opt denotes the eigen-
vector of 𝑆

𝐴
corresponding to the largest eigenvalue. Usually

a set of orthonormal projection directions, 𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑑
,

are chosen. These projection directions are the orthonormal
eigenvectors of 𝑆

𝐴
corresponding to the first 𝑑 largest eigen-

values.
For a given A, let 𝑦

𝑘
= 𝐴𝑥

𝑘
{𝑘 = 1, 2, . . . , 𝑑}. A set of

projected feature vector 𝑦
𝑘
and the principal components

of 𝐴 are found. The feature matrix of 𝐴 is obtained as
𝐵 = [𝑦

1
, 𝑦
2
, . . . , 𝑦

𝑑
]. The nearest neighborhood classifier is
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Figure 1: Two-dimensional image samples: (a) CT images and (b) pulmonary nodule patterns.
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Figure 2: Representation of the number of pulmonary nodules in
the right and left lung parenchyma.

adopted for classification.The distance between two arbitrary
feature matrices, 𝐵

𝑖
and 𝐵

𝑗
, is given by

𝑑 (𝐵
𝑖
, 𝐵
𝑗
) =

𝑑

∑

𝑘=1


𝑦
𝑖

𝑘
− 𝑦
𝑗

𝑘

2
, (3)

where ‖𝑦𝑖
𝑘
− 𝑦
𝑗

𝑘
‖
2

depicts the Euclidean distance between 𝑦𝑖
𝑘

and 𝑦𝑗
𝑘
[30].

A classification process is the basis of a computer aided
detection system. The classification scheme proposed for a
computer-aided detection algorithm used in this work is
shown in Figure 6.
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Figure 3: Histogram representing the distribution of the diameter
for the 67 nodules of the database.

2.2.2. Morphological Image Processing. Morphology is a cor-
nerstone of the mathematical set of tools underlying the
development of techniques that extract the meaning features
from an image [31]. To extract the features of pulmonary
nodules, geometric features were obtained by using the
regional descriptors of the 2D patterns based on the basic
morphological shape information. The geometric features
consist of the area, perimeter, diameter, solidity, eccentricity,
aspect ratio, compactness, roundness, circularity, ellipticity of
the patterns in this study.

These features are given by its definitions in Table 1. A
total of 10 features are evaluated for extracting features of the
patterns. From these features, Solidity denotes the proportion
of the pixels in the convex hull that are also in the region.
Eccentricity depicts the eccentricity of the ellipse that has the
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Nodule patterns

(a)

Nonnodule patterns

(b)

Figure 4: Nodule and nonnodule pattern samples used in dataset.

Table 1: Geometric features used for pulmonary nodule detection.

Measure Definition
Area 𝐴

Perimeter 𝑃

Diameter 𝐷

Solidity 𝑆

Eccentricity 𝐸

Aspect ratio Min. diameter (𝑀)
Max. diameter (𝐿)

Compactness 𝑃
2

4𝜋𝐴

Roundness 4𝐴

𝜋𝐿2

Circularity 4𝜋𝐴

𝑃2

Ellipticity 𝜋𝐿
2

2𝐴

same second moments as the region. Also it is the ratio of
the distance between the foci of the ellipse and its major
axis length. The value of eccentricity is between 0 and 1.
Measurements of compactness, roundness, circularity and
ellipticity are computed by the definitions given in Table 1
[37].

2.3. Feature Selection

2.3.1. The mRMR Method. The mRMR (minimum Redun-
dancy Maximum Relevance) method from the feature selec-
tionmethods has been providing shorter calculation time and
higher accuracy for the classifier. The mRMR method was
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Figure 5: Histogram representing the age distribution of patients.

proposed by Peng et al. [38]. The mRMR method uses the
mutual information between a feature and a class or a feature
and another feature. The relevance of a feature set 𝑆 for the
class 𝑐 is defined by the average of all mutual information
values between individual feature 𝑥

𝑖
and class c,

max𝐷 (𝑆, 𝑐) , 𝐷 =
1

|𝑆|
∑

𝑥
𝑖
∈𝑆

𝐼 (𝑥
𝑖
; 𝑐) , (4)

where 𝐼(𝑥
𝑖
, 𝑐) denotes the mutual information between fea-

ture 𝑥
𝑖
and class 𝑐. The redundancy of all features in the set

𝑆 is defined by the average of all mutual information values
between the feature 𝑥

𝑖
and the feature 𝑥

𝑗
,

min𝑅 (𝑆) , 𝑅 =
1

|𝑆|
2
∑

𝑥
𝑖
𝑥
𝑗
∈𝑆

𝐼 (𝑥
𝑖
, 𝑥
𝑗
) , (5)

where 𝐼(𝑥
𝑖
, 𝑥
𝑗
) is the mutual information between features

𝑥
𝑖
and 𝑥

𝑗
. The mRMR criteria, that is, the combination of
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(Nodule and non-nodule patterns)
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Image

Figure 6: The classification scheme proposed for a CAD system.

two measures given in (4) and (5), are given by the following
terms:

the difference criterion: max (𝐷 − 𝑅) , (6)

the quotient criterion: max(𝐷
𝑅
) . (7)

As a result, the best feature set is obtained by optimizing
expressions of (4) and (5) simultaneously according to (6) or
(7).

2.4. Nodule Classification

2.4.1. Artificial Neural Network. An artificial neural network
(ANN) is one of the tools of artificial intelligence intended to
imitate the complex operation of organizing and processing
information of the neurons in the human brain. ANN
can recognize patterns correlating strongly with a set of
data which correspond to a class by a learning process, in
which interneuron connection weights are utilized to store
knowledge about specific features identified within the data
[39]. It is used for reducing experimental work and time
losses. A common ANN is the multilayer perceptron (MLP)
algorithm which is made up from three layers as shown in
Figure 7. The ANN is trained by entering information from
the input layer through the hidden and output layers of the
network [40]. The ANN is performed by using the back-
propagation algorithm based on the Levenberg-Marquardt
rule [41].

The output signal for the lth neuron in the 𝑛th layer is
given by the following expression:

𝑦
𝑛

𝑙
(𝑡) = 𝜑[

[

𝑝

∑

𝑗=1

𝑤
𝑛

𝑙𝑗
(𝑡) 𝑦
𝑛−1

𝑗
(𝑡) + Ψ

𝑛

𝑙

]

]

, (8)

where 𝜑(⋅) denotes the activation function, 𝑤𝑛
𝑙𝑗
depicts the

connection weight, 𝑡 denotes the time index, andΨ𝑛
𝑙
= 𝑤
𝑛

𝑙
𝑜

(𝑡)

depicts the weights. The synaptic weight 𝑤𝑛
𝑗𝑖
(𝑡) is defined by

the following expression (1 ≤ 𝑛 ≤ 𝑁):

Δ𝑤
𝑛

𝑗𝑖
(𝑡 + 1) = 𝑤

𝑛

𝑗𝑖
(𝑡) +Δ𝑤

𝑛

𝑗𝑖
(𝑡) . (9)

And it is revised as the following:

Δ𝑤
𝑛

𝑗𝑖
(𝑡) = 𝜂𝜆

𝑛

𝑗
(𝑡) 𝑦
𝑛−1

𝑖
(𝑡) , (10)

where 𝜂 depicts the learning rate (0 < 𝜂 < 1). Also the local
error gradient is given by

𝜆
𝑛

𝑗
(𝑡) ≡

𝜕𝐸
𝑡

𝜕𝑢
𝑛

𝑗

. (11)

To improve the performance of the back-propagation algo-
rithm, a momentum term 𝛼 is added as the following:

Δ𝑤
𝑛

𝑗𝑖
(𝑡) = 𝜂𝜆

𝑛

𝑗
(𝑡) 𝑦
𝑛−1

𝑖
(𝑡) + 𝛼Δ𝑤

𝑛

𝑗𝑖
(𝑡 − 1) , (12)

where𝛼 is between 0 and 1. For the output layer, the local error
gradient is defined by

𝜆
𝑁

𝑗
(𝑡) = [𝑑

𝑗
(𝑡) − 𝑦

𝑁

𝑗
(𝑡)] 𝜑 [𝑢

𝑁

𝑗
(𝑡)] ≡ 𝑒

𝑗
(𝑡) 𝜑 [𝑢

𝑁

𝑗
(𝑡)] ,

(13)
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Figure 7: An artificial neural network structure.

where 𝑑
𝑗
(𝑡), 𝜑(⋅) depict the goal output signal and the

activation function, respectively.

2.4.2. Random Forest. Random forest was proposed by
Breiman in 1999 [42]. It is a new development in tree
based classifiers and fast proven to be one of the most
important algorithms in the machine learning. It is defined
as a combination of tree predictors depending on the values
of a randomvector sampled independently andwith the same
distribution for all trees in the forest. Random forest has given
robust and improved results of classifications on standard
data sets. It is providing very good competition to neural
networks and ensemble techniques on different classification
problems. Random forest is related to be special type of
ensembles using bagging and random splitting methods to
grow multiple trees [42, 43].

There are several advantages for the Random forest
method. Especially, Random forest can predict what features
are important in the classification. It can process efficiently
large data sets. Also it can be utilized as an effective method
to estimate missing data.

2.4.3. Bagging. Bagging is unstable learning algorithm for
small data set if small changes in the training data will
generate very diverse classifiers. The use of bagging to
improve performance by taking advantage of this effect was
proposed by Breiman [44]. A single classifier could have a
higher test error. The combination of classifiers can produce
a lower test error than that of the single classifier because
the diversity of classifiers usually compensates for errors of
any single classifier [45]. A learning algorithm combination
in those small changes in the training set leads to relatively
large changes in accuracy.

2.4.4. Adaboost. Adaboost is one of the powerful meth-
ods for pattern recognition [46]. Adaboost classifier firstly
introduced by Freund and Schapire [47, 48] is an ensemble
classifier composed of many weak classifiers for the two-class
classification problem. It generates strong classifier with weak
classifiers. Adaboost makes a committee of member weak
classifiers by adaptively adjusting the weights at each loop.
While the weights of the training patterns classified correctly

by a weak classifier are decreased, the weights of the training
patterns misclassified by the weak classifier are increased.

Adaboost algorithm shows good performance effect
because of the ability to generate expanding diversity. In
order to improve the performance result of the final ensem-
ble, adaboost algorithms consist of diverse weak classifiers.
Especially, the boosting algorithm adaboost.M1—the first
directly—extends the original adaboost algorithm to the
multiclass case without reducing it to multiple two-class
problems.

Principal component analysis, mRMR method, and
morphological image processing algorithms are performed
by using the Matlab codes. Classification processes were
provided by using data mining software called the Weka
tool version 3.7.7 which is available from http://www.cs.wai
kato.ac.nz/∼ml/weka/. Tests are done on a PC with Intel Core
i7, 1.90GHz CPU, and 4.00GB RAM. For evaluating the
classifiers, 5-fold cross-validation technique is used.

3. Results

Various classification methods are utilized for feature extrac-
tion and selection in medical pattern recognition. In this
study, two-dimensional principal component analysis and
geometric feature values were used for feature extraction.The
mRMR method was applied for feature selection. The entire
dataset is randomly partitioned into training and testing
sets. The entire dataset is divided into approximately 50%
training dataset and 50% test dataset. The training dataset
consists of 47 pulmonary nodules and 37 nonnodule patterns
(total number of patterns is 84). The test dataset consists
of 48 pulmonary nodules and 38 nonnodule patterns (a
total of 86 patterns). The best features for each method are
determined using the mRMR feature selection only in the
training dataset. Then, the classification accuracies of the
methods are calculated using these features in the test dataset.

In the study, four different methods were proposed.
For principal component analysis on method 1, the largest
first seven values were selected for the first seven principal
components because of highest variance value. So that, a 7×7-
dimensionalmatrixwas formed for each pattern.Then, 1×49-
dimensional feature vector was obtained. In this way, at least
99% value of the total variance for each pattern was taken
into account. To select the best features that contribute to
the performance of classification system in the training set,
the mRMRmethod was utilized.The number of best features
performed with the mRMR method was determined as 20.

In method 2, the statistical features, minimum (min),
maximum (max), mean, standard deviation (std), variance
(var), and 3rd moment values, are calculated in the training
dataset.Thus, a 1×6-dimensional feature vectorwas obtained.
The best feature ranking that performed with the mRMR
method is 3rd moment, min, mean, std, max, and var. The
number of best features performed with the mRMR method
was the first 5 features which are 3rdmoment, min, mean, std,
andmax.

http://www.cs.waikato.ac.nz/~ml/weka/
http://www.cs.waikato.ac.nz/~ml/weka/
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Table 2: Overall performance results of the proposed classification approach.

Sensitivity (%) TCA (%) Specificity (%) AUROC Kappa RMSE
Method 1

ANN 87.5 84.9 83.8 0.928 0.693 0.356
RF 87.5 80.2 81.8 0.889 0.594 0.375
Bagging (ANN) 100 61.6 100 0.599 0.145 0.557
Bagging (RF) 87.5 86.0 84.2 0.911 0.717 0.339
Adaboost (ANN) 87.5 81.4 82.4 0.920 0.619 0.416
Adaboost (RF) 83.3 75.6 75.8 0.880 0.498 0.384

Method 2
ANN 85.4 83.7 81.6 0.913 0.670 0.327
RF 83.3 83.7 80.0 0.890 0.672 0.356
Bagging (ANN) 100 60.5 100 0.616 0.116 0.522
Bagging (RF) 83.3 81.4 78.9 0.912 0.623 0.346
Adaboost (ANN) 81.3 80.2 76.9 0.869 0.600 0.385
Adaboost (RF) 83.3 80.2 78.4 0.901 0.598 0.351

Method 3
ANN 83.3 83.7 80.0 0.893 0.672 0.358
RF 81.3 77.9 75.7 0.869 0.551 0.383
Bagging (ANN) 39.6 59.3 52.5 0.738 0.224 0.482
Bagging (RF) 83.3 84.9 80.5 0.912 0.696 0.344
Adaboost (ANN) 83.3 83.7 80.0 0.867 0.672 0.378
Adaboost (RF) 85.4 83.7 81.6 0.906 0.670 0.348

Method 4
ANN 89.6 90.7 87.5 0.940 0.812 0.307
RF 85.4 83.7 81.6 0.908 0.670 0.335
Bagging (ANN) 60.4 66.3 59.6 0.770 0.333 0.463
Bagging (RF) 87.5 86.0 84.2 0.922 0.717 0.325
Adaboost (ANN) 87.5 86.0 84.2 0.921 0.717 0.334
Adaboost (RF) 85.4 80.2 80.0 0.911 0.596 0.343

In method 3, geometric features based on the basic mor-
phological shape information were utilized for the 2D pat-
terns in the training dataset. The geometric features include
the area, perimeter, diameter, solidity, eccentricity, aspect
ratio, compactness, roundness, circularity, and ellipticity of
the patterns. The number of best features performed with
the mRMRmethod was 5 features consisting of compactness,
aspect ratio, area, solidity and ellipticity.

A new hybrid approach for classification was introduced
on method 4. A new feature vector was created by com-
bining the best features of the above three methods, aiming
at increasing the sensitivity of the proposed classification
approach. A total of 30 features selected by the threemethods
were now applied to the test dataset.

Random forest, artificial neural networks, ensemble
bagging with RF, ensemble bagging with ANN, ensemble
adaboost with RF, and ensemble adaboost with ANN classi-
fiers were separately applied in all of the methods.

The classifiers were compared, and overall performance
results of the proposed classification approach were given in
Table 2. The performance measurements are given by

sensitivity = TP
TP + FN

, (14)

specificity = TN
TN + FP

, (15)

TCA =
TP + TN

TP + FP + TN + FN
, (16)

RMSE =
√
∑(𝑦


− 𝑦)
2

𝑛
,

(17)

FPR =
FP

FP + TP
, (18)

where TP, TN, FP, and FN denote the number of nodules
classified as true positive, true negative, false positive, and
false negative, respectively. FPR is false positive rate per
image.

Sensitivity is the number of correctly predicted positives
divided by the total number of positive cases. Specificity
is the number of correctly predicted negatives divided by
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Table 3: Confusion matrixes classified by the proposed methods.

TP FP FN TN
Method 1

ANN 42 6 7 31
RF 42 6 11 27
Bagging (ANN) 48 0 33 5
Bagging (RF) 42 6 6 32
Adaboost (ANN) 42 6 10 28
Adaboost (RF) 40 8 13 25

Method 2
ANN 41 7 7 31
RF 40 8 6 32
Bagging (ANN) 48 0 34 4
Bagging (RF) 40 8 8 30
Adaboost (ANN) 39 9 8 30
Adaboost (RF) 40 8 9 29

Method 3
ANN 40 8 6 32
RF 39 9 10 28
Bagging (ANN) 19 29 6 32
Bagging (RF) 40 8 5 33
Adaboost (ANN) 40 8 6 32
Adaboost (RF) 41 7 7 31

Method 4
ANN 43 5 3 35
RF 41 7 7 31
Bagging (ANN) 29 19 10 28
Bagging (RF) 42 6 6 32
Adaboost (ANN) 42 6 6 32
Adaboost (RF) 41 7 10 28

the total number of negative cases. TCA (total classification
accuracy) represents the probability of correctly classified
patterns. For RMSE (root mean squared error), 𝑦, 𝑦, and
𝑛 depict actual value, predicted value, and number of data
patterns, respectively. In order tomeasure the performance of
the classification system, AUROC is often used as well as sen-
sitivity and specificity [49]. AUROCrepresents the area under
the receiver operating characteristic curve. Kappa statistics
is a chance-corrected measure of agreement between the
classifications and the true classes. If Kappa is equal to 1,
it indicates perfect agreement. If Kappa is equal to 0, it
represents chance agreement.

Confusion matrixes of the classifiers in the proposed
methods were shown in Table 3.

A ROC curve is usually used as a technique to visualize
the performance of classifiers and is extremely useful to
compare the performance of different classifiers in medical
decision-making systems. The curve indicates the tradeoff
between the true positive and false positive rates.

The area under ROC (AUROC) used here is largely
adopted to represent the expected performance of a classifier.
The AUROC of a classifier is equivalent to the probability
that the classifier ranks a randomly chosen positive instance
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Figure 8: ROC curves showing CAD performance with the meth-
ods proposed.

higher than a randomly chosen negative instance [50].
For our proposed methods, ROC curves are illustrated in
Figure 8.

3.1. Performance Comparison. To evaluate the performance
of the classification approach, the results of this study were
compared with previously reported CAD systems. It is highly
difficult task to make comparison between previously pub-
lished CAD systems due to different datasets, nodule size or
type, and nodule or nonnodule patterns. It is still important
to make a relative comparison. It is obviously shown that the
performance results of a CAD system can differ significantly
depending on those variables.

A single 2D slice is selected for each 3D object as seen
in Figure 1. Pulmonary nodules are observed on a several
slice range of the whole CT scan. Radiologists inspect these
slices for the 2D patterns then select and label the pulmonary
nodule pattern which has the largest dimension (i.e., area,
diameter). Thus, when any physician detects a pulmonary
nodule on the CT slices, he/she chooses the largest 2D pattern
which is labeled and used in the dataset.

For comparative analysis, it is examined recently and
reported that CAD systems have utilized the LIDC (Lung
Image Database Consortium) database to evaluate detection
systems [32–34]. Opfer andWiemker [32] utilized the dataset
comprised of 93 cases (2-3mm slice thickness) with 127
nodules. Sahiner et al. used the dataset having a total of
73 nodules by combining 28 CT scans from the LIDC and
20 scans from another database [34]. Rubin et al. used a
total of 84 CT scans with a total of 143 nodules in the
range of 3–30mm in nodule size [33]. Other papers utilized
their own databases for the performance analysis of CAD
system [35, 36, 51]. Suzuki et al. used the dataset of 20 CT
scans (1.25mm slice thickness and 0.6mm pixel interval)
containing 195 noncalcified nodule patterns (≥3mm) [35].
Tartar et al. utilized low-dose CT images scanned from 71
different patients with a total of 121 nodules (8–20mmnodule
size interval), totaling 101 CT scans (10mm slice thickness
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Table 4: Comparison of the classification performance of reported
CAD systems.

CAD system Nodule size used (mm) Reported
sensitivity (%)

Opfer and Wiemker [32] ≥4 74.0
Rubin et al. [33] ≥3 76.0
Sahiner et al. [34] 3–36.4 79.0
Suzuki et al. [35] 8–20 80.3
Tartar et al. [36] 2–20 82.1
Messay et al. [15] 3–30 82.66
Proposed approach 2–20 89.6

and 0.586–0.684 pixel interval) [36]. Shiraishi et al. used the
dataset containing 67 pulmonary nodules and 67 nonnodules
obtained from 46 patients in our previous study [51].

In this study, a dataset containing 95 pulmonary nodules
and 75 nonnodules patterns obtained from two-dimensional
CT images from 63 patients is used. All of our CT scans
are scanned by using the standard imagery protocol. A
comparison of the performance of reported CAD systems
was shown in Table 4. As seen from the table, the proposed
classification approach achieved a sensitivity of 89.6% and
an accuracy of 90.7% in the range of 2–20mm nodule size.
All other CAD systems have reasonable sensitivity values in
classification of pulmonary nodules. It is extremely important
to consider the small nodule size in the classification of a
CAD system.This increases the probability of early detection
of nodules. Considering these results, it can be seen that
the proposed study represents a relatively high sensitivity. In
addition, the overall false positive rate per image is calculated
as 0.079 by using the expression of (18) for the hybrid
approach.

4. Conclusions

In this paper, a new classification approach of pulmonary
nodules for a CAD system from CT imagery is presented. An
important feature of a CAD system desired by radiologists is
that it is able to detect and classify small nodule patterns.The
dataset in our study is composed of nodules with relatively
smaller diameters (>2mm), as shown in Figure 3 and Table 4.

In the literature, various classification algorithms for
CAD systems have been extensively studied. In order to
reduce the complexity of the algorithm and the computa-
tional load, the use of fewer features is extremely important,
while maintaining an acceptable detection performance. For
example, the CAD system in Messay et al. [15] uses 40
features selected from a set of 245 features with sensitivity
of 82.66%, Hardie et al. [16] uses a subset of 46 features
selected from a set of 114 features by sensitivity of 78.1%, and
Shiraishi et al. [51] utilizes 71 features by sensitivity of 70.4%,
respectively. In this study, in order to choose the best set
of image features characterizing the patterns, various feature
extraction/selection methods such as 2D-PCA, statistical
features of 2D-PCA, morphological image processing based

on geometric features, and mRMR feature selection method
were implemented.

The performances of the proposed approaches are eval-
uated by using different classifiers and performance metrics
such as accuracy, sensitivity, specificity, AUROC, Kappa
statistic, and RMSE. The proposed classification approach
utilizes 30 features combined by the hybrid approach with
sensitivity of 89.6%, accuracy of 90.7, and specificity of 87.5%.

Considering the test results in Table 2, ensemble learning
algorithms yield the best performances on the features sug-
gested in methods 1 and 3. However, especially, in the hybrid
approach (method 4) combining the best features of the three
methods, nonlinear multilayered ANN is shown to be supe-
rior to the other classifiers. Our approach uses ANN classifier
with fewer features to avoid generalization problems, high
complexity, and computational burden that can be caused
by using an ANN with very large number of (potentially
irrelevant) features. In addition, as shown in Table 3, false
positive (FP) rate is shown to decline in the hybrid approach
which provides higher detection performance by using fewer
features.
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Quantification of regional 99mTc-TRODAT-1 binding ratio in the striatum regions in SPECT images is essential for differential
diagnosis between Alzheimer’s and Parkinson’s diseases. Defining the region of the striatum in the SPECT image is the first
step toward success in the quantification of the TRODAT-1 binding ratio. However, because SPECT images reveal insufficient
information regarding the anatomical structure of the brain, correct delineation of the striatum directly from the SPECT image
is almost impossible. We present a method integrating the active contour model and the hybrid registration technique to extract
regions from MR T1-weighted images and map them into the corresponding SPECT images. Results from three normal subjects
suggest that the segmentation accuracy using the proposed method was compatible with the expert decision but has a higher
efficiency and reproducibility than manual delineation. The binding ratio derived by this method correlated well (R2 = 0.76) with
those values calculated by commercial software, suggesting the feasibility of the proposed method.

1. Introduction

Alzheimer’s and Parkinson’s diseases are two common neu-
rodegenerative diseases associated with the aging process.
The induced intellectual and functional deterioration of
patients with these diseases can not only bring a heavy
load to his/her family but also has an economic impact on
society. Early diagnosis with appropriate treatment within a
reasonable time frame can prevent abrupt degeneration of
these diseases and distressing symptoms.

The current trend in the early diagnosis of such diseases
is usually to adopt a combination of functional images
and structural images to inspect the functional and struc-
tural changes in specific brain regions. However, qualitative
observation alone limits early detection of neurodegener-
ative diseases, because the associated functional/structural
changes are slowly progressive in the early stage and can
be too subtle to be detected by human vision. Therefore,

quantification of these changes can facilitate early detection
of neurodegenerative diseases.

SPECT imaging of dopamine transporter with 99mTc-
TRODAT-1 (TRODAT-1) has been proposed to be a valu-
able and feasible means for the diagnosis of Parkinson’s
disease and dementia with Lewy bodies (DLB) [1–5]. The
specific tracer, TRODAT-1, a radiolabeled tropane that binds
dopamine transporters, allows in vivo assessment of the
presynaptic dopaminergic neuron activity inside the striatum
[3, 6]. SPECT images from patients with these diseases reveal
a decrease in specific striatal uptake of TRODAT-1 in terms
of a dull contrast of radioactivity between the striatum and
adjacent brain tissue due to a selective loss of dopamine in the
striatum. Even though several approaches show the feasibility
of using TRODAT-1 SPECT in the evaluation of patients
in the early stages of these neurodegenerative diseases,
visual inspection or semi-auto quantification cannot avoid
high intra- or interobserver variability and thus hampers
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the associated diagnostic accuracy [7, 8]. A reliable automatic
method could considerably speed up the procedure andmake
it more reproducible.

Even though some commercialized software packages
provide automatic calculation of theTRODAT-1 binding ratio
(BR), definition of the striatum in the SPECT image still
relies on manual delineation. However, the brain structure is
poorly-defined in SPECT images, which reveal more func-
tional information than anatomical structural information.
Therefore, demarcation of the region of interest (ROI) in
the SPECT image is usually carried out by overlapping the
SPECT images with the corresponding MR images, such that
physicians can map the ROI delineated in the MR images to
the SPECT images. Within this process, there are two key
components of determining the accuracy of the TRODAT-1
binding quantification. First, the striatum should be correctly
defined. Second, the MR images must be precisely registered
with the corresponding SPECT images. However, even awell-
trained physician can hardly guarantee obtaining accurate
and repeatable results at these two stages. Therefore, this
study aims to develop a robust method to fulfill the shortages
in the current approaches.

Regarding the segmentation task for subcortical brain
structures, several semiautomatic methods have been pro-
posed. Worth et al. proposed the regional thresholding
method to segment the caudate from the adjacent tissue [9].
A box was manually located to cover these three tissues,
including the ventricles, the caudate, and some white matter,
to derive a bimodal histogram, and then the threshold was
determined as the mean of the two peaks of the histogram.
However, the box location required human determination,
and the vague boundaries of the caudate tail surrounded
by gray matter still require manual drawing. Barra and
Boire proposed a fuzzy-logic-based method to segment
subcortical brain structures in MR images by integrating
the numerical information derived from the wavelet features
and structural information containing symbolized distance
and relative direction coding [10]. More recently, Xia et al.
took advantage of the high-contrast lateral ventricle as the
reference to localize the upper and lower bonds of the caudate
nucleus for region growing [11]. Fine-tuning according to
the topological and morphological information was still
required to smooth the initial segmentation. In view of these
methods, as several factors, such as the complex anatomic
brain structure, the connection of different tissues of a similar
intensity, the heterogeneous intensity within the same class of
tissue, and the partial volume effect, limit the performance
of fully automatic segmentation of the striatum; therefore,
using expert knowledge to refine the initial ROI derived
by running the computer program was inevitable. However,
visual confirmation and manual correction are conducted
slice by slice and thus may still be labor intensive and time
consuming.

Instead of applying expert knowledge in the last step to
refine the segmentation in the previous studies, we propose
a new approach using an active contour model to reverse the
process of segmentation, that is, to let the expert determine
the rough location of the striatum and allow the computer to
perform the refinement, such that human intervention can be

minimized and the segmentation efficiency can be enhanced.
The segmented regions were then mapped into the corre-
sponding SPECT images via a hybrid registrationmethod for
BR calculation. These methods associated with the imaging
protocol are described in detail in Section 2. To verify the
reliability of the proposed method, the segmentation results
and the derivative BRs were compared with those of experts
assisted by commercial software. The results are presented
and discussed, following which a brief conclusion is made.

2. Methods

We used hybrid SPECT/CT and 3D T1-weighted images to
achieve the goal. Each volume played a distinct role in the
overall process. The registration of the MR and the SPECT
volume pairs was first conducted using the corresponding CT
volume as a medium. After that, the striatum was segmented
from the registered MR images. Once the MR images were
adjusted to the same size under the same coordinates with
the SPECT images through registration, the ROIs obtained
by applying the active contour model to the registered MR
images could be directly mapped into the SPECT images
to calculate the binding potential. The overall process is
summarized in Figure 1 and described in detail below.

2.1. Imaging Protocol. For this examination, all the patients
were injected intravenously with a single bolus dose of
740MBq (20mCi) of 99mTc-TRODAT-1. Brain SPECT/CT
(Symbia T; Siemens, Erlangen, Germany) images were
obtained 4 hours later.The SPECT/CT scanner was equipped
with low-energy high-resolution collimators and a dual-slice
spiral CT. Acquisition parameters for SPECT were a 128 ×
128 matrix, 500mm FOV with 60 frames (40 s/frame). The
scan parameters for the CT were 130 kV, 17mAs, 5mm slices,
and image reconstruction with a medium-smooth kernel.
The SPECT images were attenuation-corrected based on the
CT images and scatter-corrected with Flash 3DR algorithm
(ordered subsets expectation and 3D maximization with
resolution correction) with 8 subsets and 8 iterations.

MR images were acquired using a 3.0 T MRI scanner
(Excite, GE Medical Systems, Milwaukee, WI, USA). Struc-
tural images were acquired for an anatomical reference
using a T1-weighted, inversion-recovery-prepared, three-
dimensional, spoiled, and gradient-recalled acquisition in a
steady-state sequence with repetition time/inversion time =
8,600ms/450ms, a 240 × 240mm field of view and a 1mm
slice thickness.

2.2. Image Registration. To precisely map the ROI delineated
from the MR into a corresponding position in the SPECT
image, registration of the MR volume with the SPECT-
CT volume was required. Even though several automatic
registration methods have been proposed, their success is
only guaranteed when the two scanning data to be registered
contain consistent volumes. However, the clinical volume
sets from different image modalities are usually truncated
unevenly, lending additional difficulties to the application
of conventional registration methods, such as principal axes
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Figure 1: The overall process to derive the BRs in SPECT images via registration of the images from SPECT-CT and MR with ROI
segmentation from the registered MR images.

registration (PAR) or mutual information (MI). To alleviate
this problem, we developed a hybrid registration method
combining principal axes registrationwith the generalHough
transform [12]. In addition, we took advantage of SPECT-
CT,which can acquire SPECT andCT images simultaneously,
while the patient maintains his/her position on the same
couch. Registration used the CT image as the registration
medium to increase the registration accuracy between the
SPECT and the MR image volumes. The registration process
is fully automatic. The essential idea of the design is briefly
described below.

The voxel size was adjusted to a 1mm3 cube through
bicubic interpolation prior to the following registration
process. The 3D head was segmented as an entity to derive
its three principal axes prior to registration. In this two-
stage registration scheme, principal axes registration was first
applied for coarse registration followed by fine-tuning via
applying the general Hough transform to the contour of the
maximal cross-sectional area (MCSA). The original concept
of principal axes registration (PAR) is to superimpose the
two volumes by aligning the corresponding three principal
axes from both head volumes [13]. However, the registration
accuracy of PAR is restricted by the degree of correspondence
between the two sets of principal axes [14]. As the scanning
range of one image modality is usually not the same as the
other, the centroids of the two different volume sets would
not be identical. In consequence, the two sets of principal
axes derived from the different centroids do not coincide
with each other. Therefore, in the coarse-registration stage,

we only adopted PAR to adjust the orientations of the long
axis of the head to be parallel with the 𝑧-axis of the system
coordinates. After this stage, the long axis from both head
volumes coincided with each other, but the horizontal planes
with the two short axes from the two volumes were still
mismatched.

In the second stage, the registration error in the hori-
zontal plane was then fine-tuned. We then turned the 3D
registration task into a 2D one by searching for the slices
containing the (MCSA) in both volumes, in that we had
proved the reliability of using the MCSA as the anatomical
feature for registration [15]. The vertical shift was first
corrected by aligning these two slices; then the detected
contour of the MCSA was used to derive the registration
parameters via the generalized Hough transform (GHT).The
process of the GHT algorithm in this approach included
two steps. First, an R-table was built by calculating the
vector set, { ⇀𝑎

𝑖
}, between each contour point (𝑥

𝑖
, 𝑦
𝑖
) and

the center of the contour, 𝑃
𝑐
(𝑥
𝑐
, 𝑦
𝑐
), in the CT image.

Then, the corresponding center point (𝑃
𝑐
) was derived by

searching for the maximal intersection via remapping the
vector information to each contour point X

𝑖
(𝑥
𝑖
, 𝑦
𝑖
) in the

MR image. In this study, as there was no scale for reference
and the voxel size had been adjusted to be the same, we
adapted a robust search only for the rotation angle 𝛽 in (1),
when the optimal match between 𝑃

𝑐
and 𝑃

𝑐
was achieved

𝑥
𝑐
= 𝑥
𝑖
+ 𝛾 cos (𝜃 + 𝛽) ,

𝑦
𝑐
= 𝑦
𝑖
+ 𝛾 sin (𝜃 + 𝛽) ,

(1)
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Figure 2: Anatomical structure of the striatum from the axial view
of an MR T1-weighted image.

where 𝜃 is the angle between the directional vector⇀𝑎
𝑖
and the

positive direction of the 𝑥-axis and 𝛾 is the length of the ⇀𝑎
𝑖
.

The registration parameters of the rigid transformderived
abovewere then applied to theMR volumes tomatchwith the
SPECT images.

2.3. ROI Segmentation from MR T1-Weighted Images. The
registered MR T1-weighted images obtained from the pre-
vious stage were then used as the reference to demarcate
the striatum on the corresponding SPECT images. As the
assessment of TRODAT-1 BR is usually carried out from the
axial view of SPECT images, the segmentation of the striatum
was performed in the axial planes of the MR images. Figure 2
shows the structure of the striatum from the axial view of the
MR image. It can be seen that the left and right sides of stria-
tum of the basal ganglia are located beside the ventricle. Each
side of the striatum can be further divided into the caudate
nucleus and putamen. We named the two pairs of caudate
nucleus and putamen the ST regions. However, the division
of the ST regions is not obvious because they usually fuse with
other brain structures. The unclear cut between the caudate
nucleus and putamen and the surrounding brain structure
brings up difficulties in isolating the ST regions solely using
automatic image segmentation techniqueswithout any expert
intervention.

To segment these four ROIs, we adopted a modified
active contour model. In this way, an initial contour of the
first slice can be determined by an expert according to the
topological andmorphological characteristics of the ST.Once
the location and shape of the ST regions are confined into the
bond of the initial contour, then refinement can be carried
out by the computer according to the intensity information.
In addition, assuming smooth variation of the 3D ST region
contour, the final contour of the present slice can be directly
used as the initial contour for the next slice. To achieve this
goal, the active contour model is a suitable choice.

The basis of the active contour model, named snake, is
to represent an initial contour in the parametric form of

V(𝑠) = [𝑥(𝑠), 𝑦(𝑠)], 𝑠 ∈ [0, 1] that deforms to the optimal
shape by minimizing the energy functional

𝐸snake = ∫
1

0

[𝐸int (V (𝑠)) + 𝐸ext (V (𝑠))] 𝑑𝑠

= ∫

1

0

1

2
[𝛼

V


(𝑠)


2

+ 𝛽

V


(𝑠)


2

+ 𝐸ext (V (𝑠))] 𝑑𝑠,

(2)

where 𝛼 and 𝛽 are the parameters to weight the influence on
the curve deformation from the curve’s tension V(𝑠) and the
rigidity V(𝑠), respectively.

Theoretically, at the minima of the energy functional, the
snake must satisfy the Euler equation

𝛼V


(𝑠) − 𝛽V


(𝑠) − ∇𝐸 ext(V (𝑠)) = 0. (3)

As the first derivative of energy gives the force, the above
equation can be interpreted as a force balance equation

𝐹int (V) + 𝐹ext (V) = 0. (4)

The internal force, 𝐹int(V) = 𝛼V


(𝑠)−𝛽V(𝑠), restricts the
curve to stretch and bend, while the external force, 𝐹ext(V) =
−∇𝐸 ext(V), pulls the curve toward the desired image edges.

The snake is an active rather than a salient model due
to the dynamic deformation process by treating the force
balance equation as function of time 𝑡.Therefore, the solution
of (3) can be approximated by iteratively searching for the
steady state of the following equation, where the V(𝑠, 𝑡) =
[𝑥(𝑠, 𝑡), 𝑦(𝑠, 𝑡)] denotes V(𝑠) at the 𝑡th iteration

𝜕V (𝑠, 𝑡)

𝜕𝑡
= 𝛼V


(𝑠, 𝑡) − 𝛽V


(𝑠, 𝑡) − ∇𝐸 ext(V (𝑠, 𝑡)) . (5)

In practice, a numerical solution to (5) can be achieved by
discretizing 𝑠 iteratively using a finite difference method [16],
as per

x
𝑡
= (A + 𝛾I)−1 (x

𝑡−1
− p
𝑥,𝑡−1
) ,

y
𝑡
= (A + 𝛾I)−1 (y

𝑡−1
− p
𝑦,𝑡−1
) ,

(6)

where A is a pentadiagonal matrix containing the constants
𝛼 and 𝛽. The parameter of 𝛾 is the step size to control the
degree of the contour deformation between iterations. I is
the unit matrix. x

𝑡
and y
𝑡
are the vectors consisting of the 𝑥-

and 𝑦-coordinates of the contour V(𝑠, 𝑡), respectively. p
𝑥,𝑡−1

and p
𝑦,𝑡−1

are the vectors containing 𝜕𝐸ext(𝑥(𝑠, 𝑡 − 1), 𝑦(𝑠, 𝑡 −
1))/𝜕𝑥, and 𝜕𝐸ext(𝑥(𝑠, 𝑡 − 1), 𝑦(𝑠, 𝑡 − 1))/𝜕𝑦 as their elements
for all 𝑠, respectively.

The external force (∇𝐸ext) in the active model can usually
be classified into two types: static and dynamic. Static forces
are derived from the image gradients, which do not change
throughout the deformation process, while dynamic forces
vary as the snake deforms. Using the image gradient as the
external force makes the conventional snake difficult to move
into a concave edge, because the null image gradients within
a homogenous region inside the contour fail to attract the
contour, and as a result, the contour is only affected by
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the internal forces. Even though several dynamic external
forces have been proposed to alleviate such a limitation of
the static external forces, they also raised other problems,
increasing the calculation complexity or leading to uncon-
trollable deformation [17, 18]. A new static external force,
called gradient-vector flow (GVF), adding the directional
property into the original image gradient map, was proposed
by Xu and Prince to improve the performance of the static
snake in concave edge detection [19]. Several reports have
demonstrated the success of applying the GVF snake to
medical image segmentation [20–23], including brain MRI
[24]. This encouraged us to apply the GVF to segment the ST
regions in our study.

The gradient-vector-flow field is defined as k(𝑥, 𝑦) =
[𝑢(𝑥, 𝑦), V(𝑥, 𝑦)] such that the external energy function
becomes

𝐸gvf = ∬⌊𝜇 (|∇𝑢|
2

+ |∇V|
2

) +
∇𝑓


2k − ∇𝑓


2

⌋ 𝑑𝑥 𝑑𝑦, (7)

where 𝜇 is a parameter to control the degree of smoothness of
the gradient-vector-flow field and ∇𝑓 is an edge map derived
from the original image 𝑓(𝑥, 𝑦).

To solve the equation numerically by discretization and
iteration, let 𝑛 indicate the times of iteration, and the
increments in 𝑥, 𝑦, and 𝑡 are all equal to 1. The relation of
vector flows from the current to the next position can be
derived as

𝑢
𝑛+1

(𝑥, 𝑦) = (1 −
∇𝑓


2

) 𝑢
𝑛

(𝑥, 𝑦)

+ 𝜇 [𝑢
𝑛

(𝑥 + 1, 𝑦) + 𝑢
𝑛

(𝑥, 𝑦 + 1)

+ 𝑢
𝑛

(𝑥 − 1, 𝑦) + 𝑢
𝑛

(𝑥, 𝑦 − 1)

−4𝑢
𝑛

(𝑥, 𝑦)] +
∇𝑓
 𝑓𝑥 (𝑥, 𝑦) ,

V
𝑛+1

(𝑥, 𝑦) = (1 −
∇𝑓


2

) V
𝑛

(𝑥, 𝑦)

+ 𝜇 [V
𝑛

(𝑥 + 1, 𝑦) + V
𝑛

(𝑥, 𝑦 + 1)

+ V
𝑛

(𝑥 − 1, 𝑦) +V
𝑛

(𝑥, 𝑦 − 1)

−4V
𝑛

(𝑥, 𝑦)] +
∇𝑓
 𝑓𝑦 (𝑥, 𝑦) .

(8)

There are 4 parameters determined empirically to obtain
the optimal results in the approach. The elasticity parameter
(𝛼) and the rigidity parameter (𝛽) in (2) were set to be 0.1 and
0.2, respectively. The parameter (𝛾) in (6) was set to be 1. The
external force weight (𝜇) in (7) was set to be 0.5.

3. Results and Discussion

3.1. Registration Results. An example is given in Figure 3 to
illustrate the use of our developed interface to detect the slices
containing the MCSA from the CT and MR volumes and
register these two images through the GHT. Once the rigid
transform with the registration parameters had been applied
to the MR image volume, it can directly match the SPECT
volume, as shown in Figure 4. The registration accuracy
reached 96.48%. Our previous study quantitatively evaluated

Figure 3: An example of registration of the CT image (middle small
panel) and theMR image (right small panel) to render the final fused
image (left large panel).The red and blue lines in the small panels are
the detected boundaries and the contour of the head.

Table 1: Correspondence of the manual delineation between the
observers.

JI (%) Rater A-Rater B Rater B-Rater C Rater A-Rater C
Case 1 60.4 ± 4.8 62.1 ± 1.1 75.6 ± 2.1

Case 2 54.3 ± 4.5 54.7 ± 5.6 71.8 ± 5.2

Case 3 58.0 ± 4.7 58.1 ± 5.4 76.6 ± 5.2

the registration accuracy of the proposed method better than
the results obtained solely using the PAR method or directly
registering SPECT with MR images [12].

3.2. Segmentation Results. The expert delineation and the
GVF segmentation of the ST regions containing two pairs
of the caudate nucleus and putamen are given in Figure 5. A
quantitative comparison of these twomethods is given below.

We used the Jaccard index (JI) to quantify the degree of
match between the two corresponding ROIs.The JI is defined
as the ratio of the intersection of two volumes Ω

1
and Ω

2
by

the union of them. If the two volumes completely overlap, the
JI value is equal to 100%

JI =
Ω1 ∩ Ω2


Ω1 ∪ Ω2



× 100%. (9)

The five sequential axial slices containing the ST from
three normal cases were recruited in the comparative eval-
uation. Three neurologists first manually delineated the ST
regions, including the caudate nucleus and putamen, on two
lateral sides of the brain. The intrarater correspondences in
terms of the mean and standard deviation of the JI values
from the five slices are listed in Table 1, suggesting great
differences between observers. It was found that Raters A and
Chad the highest correspondence, with a JI value greater than
70%.

The JI values were also derived by mapping the manually
defined contours by each rater into the GVF segmented
results. The initial contour of the first slice in each case was
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(a) (b) (c)

Figure 4: Registration between (a) SPECT and (b) MR to give the final overlaid image in (c).

(a) (b) (c)

Figure 5: The ST regions in (a) the original MR T1-weighted image and the corresponding segmentation results by (b) manual delineation
and (c) the GVF snake.

Table 2: Correspondence betweenmanual delineation and theGVF
snake result for each observer.

JI (%) Rater A-GVF
snake

Rater B-GVF
snake

Rater C-GVF
snake

Case 1 64.4 ± 9.0 56.2 ± 5.5 65.3 ± 4.8

Case 2 68.6 ± 1.6 57.7 ± 5.1 65.4 ± 6.5

Case 3 61.1 ± 3.8 51.5 ± 3.1 59.9 ± 3.7

defined by the same specialist in the GVF snake process.
Table 2 shows the correspondence with GVF segmentation.
We used the paired 𝑡-test to evaluate the significance level
between the JIs derived from the interrater comparison and
those from the rater-GVF comparison for each slice in each
case. The insignificant differences (𝑃 = 0.124 under a 95%
confidence interval) suggest that the segmentation accuracy
using the GVF snake is compatible with the level of manual
drawing.

Rater A, the chief neurologist, was required to conduct
the manual drawing twice. The JI values of the two delin-
eations are listed in the middle column of Table 3, showing

Table 3: Correspondence between two repeated conductions of
each method.

Slice no. JI (%)
Manual drawing GVF deformation

1 66.3 77.05
2 61.2 73.31
3 53.34 78.3
4 51.3 71.46
5 45.57 78.44
Mean ± std 55.5 ± 8.2 75.7 ± 3.2

std: standard deviation.

that the correspondence declined along with the slice num-
ber. Instead of segmentation solely by hand, the GVF snake
was also applied twice to the same set of images. Only the
first slice required an initial contour manually defined by the
rater each time. The JI values of repeated conduction of the
GVF snake are also listed in the third column of Table 3,
suggesting more stable results than those from slice-by-slice
manual drawing.
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In comparison with the index of overlap (similar to JI)
between hand-drawing and computer-aided segmentation
reported in the literature [9–11], the JI values obtained in
our study were relatively low. This could be due to the extra
region, that is, the putamen, involved in our study. The
segmentation target of the previous reports is focused on
the caudate nucleuses that are next to ventricles with greater
contrast (Figure 1) and therefore more easily identified. In
comparison with the caudate nucleuses, the low contrast
of the putamen to the surrounding tissue increases the
difficulty of extraction. Using expert hand drawing as the
comparison basis seems to be the only choice in current
studies, since there is no gold standard to determine the
absolute accuracy of segmentation of the ST regions due
to individual-dependent variation in the brain structure.
However, we demonstrated that significant interobserver and
intraobserver variability in such a decision exists even among
the well-trained neurologists participating in our study,
which was overlooked in previous studies. The inconsistency
in decision-making could be incurred by the small size (in
the order of 100 pixels) of the structures as compared with the
imaging resolution and image noise. Under a compatible level
of precision as shown in Tables 1 and 2, we demonstrated that
the reproducibility and consistency improved when using the
GVF snake segmentationmethod. In addition to stability, the
GVF snake can save labor and provide a more efficient way
than previous studies to define the ST regions contours in
consecutive slices, as it only requires an initial contour drawn
by hand in the first slice.

3.3. Binding Ratio Calculation. In the final stage of evaluation
of the reliability of the proposedmethod, after completing the
MR and SPECT image registration, the BRs were also derived
from the segmented ST regions in the SPECT images using
the proposed method to compare with those obtained using
commercial software (Siemens Medical Systems, Knoxville,
TN, USA), in which the ST regions were manually outlined
by an expert. The BR was calculated by normalizing the
mean intensity in the ST regions by the mean intensity in
the occipital cortices. Linear regression analysis (Figure 6)
revealed a close correlation (CC = 0.874, under 95%
confidence interval) between the BRs derived by the two
systems.

4. Conclusions

To calculate the regional TRODAT-1 binding ratio in SPECT
studies, accurate and repeatable extraction of the ST regions
from MR images is required to indirectly define the cor-
responding regions in the SPECT images. Segmentation
directly on the SPECT image is not applicable in this case,
because it distorts the ST regions. Clinical routine tends to
apply manual delineation of the ST regions, which is prone
to errors incurred through interobserver and intraobserver
variability. Previous researchers have developed several seg-
mentation algorithms to complete similar tasks, where expert
decisions for anatomical and morphological information
were still necessary to refine the results. As the localization
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Figure 6: Linear regression analysis between the BRs derived by our
method and those by the commercial software.

of the ST regions is a knowledge-driven task, the proposed
method allowed the expert to assign the initial contour
in the proper location and applied the gradient-vector-
flow snake to approach the real contours. In such a way,
the complexity of the algorithm can be reduced and the
efficiency of segmentation can be increased. Results from
three normal subjects showed a higher reproducibility of
the proposed method than manual segmentation under
compatible segmentation accuracy. The MR images with
segmented ST regions were overlaid on the SPECT images
using our previously developed registration algorithm to
calculate the TRODAT-1 BR.The derived BRs correlated well
with those derived using commercial software, suggesting a
good reliability of the proposed method.
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Texture analysis is the process of highlighting key characteristics thus providing an exhaustive and unambiguous mathematical
description of any object represented in a digital image. Each characteristic is connected to a specific property of the object. In
some cases the mentioned properties represent aspects visually perceptible which can be detected by developing operators based
on Computer Vision techniques. In other cases these properties are not visually perceptible and their computation is obtained by
developing operators based on Image Understanding approaches. Pixels composing high quality medical images can be considered
the result of a stochastic process since they represent morphological or physiological processes. Empirical observations have shown
that these images have visually perceptible and hidden significant aspects. For these reasons, the operators can be developed by
means of a statistical approach. In this paper we present a set of customized first and second order statistics based operators to
perform advanced texture analysis of Magnetic Resonance Imaging (MRI) images. In particular, we specify the main rules defining
the role of an operator and its relationship with other operators. Extensive experiments carried out on a wide dataset ofMRI images
of different body regions demonstrating usefulness and accuracy of the proposed approach are also reported.

1. Introduction

As it is well known, there is no univocal definition of texture
[1–3]. This is due to the various and heterogeneous aspects
involving the texture analysis process. In particular, two
aspects influence more than other textural detection and re-
cognition approaches: image classification and target defini-
tion. The first is used to classify images as belonging to the
natural domain (e.g., cell movement) or artificial domain
(e.g., gear movement) [4, 5]. Although this discrimination
may seem obvious, it can present ambiguities due to both
kind of image and acquisition method. The second aspect
regards type and detail of the extracted key characteristics to
define different textures. In some cases it could be sufficient to
extract coarse information to highlight macroscopic textural
aspects (i.e., macrotextures) of studied objects. In other cases
it could be necessary to extract more detailed information to
describe microscopic textural aspects (i.e., microtextures)
[6–10]. In our context, we have analyzed MRI images of
organs and tissues (e.g., brain). These images represent the

morphological aspects of biological entities and they belong
to the natural domain [11, 12]. In MRI, the pixels composing
an image can be considered a reliable representation of water
distribution in the body [13, 14], and the obtained images can
be seen as the result of a stochastic process. This last assump-
tion influences the choice of the reference model to be used
for supporting the feature extraction method of the texture
elements. The model is usually implemented by one of the
following three descriptive approaches: statistical, structural,
or hybrid [15–19]. It also includes the theoretical guidelines to
develop the textural operators. The latter represents the core
of the paper that will be detailed in the next section where
the window based top-down image browsing method and
the implementation of the customized first and second order
statistics based operators will be described.

The operators applied on a wide dataset containing in
vivo MRI images were conceived to detect macroscopic and
microscopic textural features supporting a complete and
unambiguous mathematical description. Artifacts in the
treated images could make the texture analysis process
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qualitatively ineffective since macro- and microvariations of
the textural structures are linked to the spatial and contrast
resolution of these images. Fortunately the current MRI
scanners provide high quality images reasonably free from
serious artifacts [20, 21].

Different works in the literature concerning the descrip-
tion of the natural domain by texture analysis processes [22–
28], as well as our preliminary intuitions supported by some
preparatory experimental observations on pixel arrangement
of the MRI images, led us to focus on CV and IU based sta-
tistical operators. These included some operators to estimate
the human visual perception of well-known textural features
(e.g., contrast) and some operators to detect significant
hidden textural features (e.g., entropy). Subsequently, our
approach was refined by studying some remarkable works in
texture analysis ofMRI images. In a first set of works, detailed
in [29–31], the authors described a method to model the
objects contained in the layout of MRI images. After a train-
ing phase on a given image dataset to distinguish different
target objects (e.g., brain mass, background), the approach
was customized to achieve established tasks (e.g., layout
segmentation) supporting a set of suitable Computer Aided
Diagnosis (CAD) functionalities (e.g., mass identification).
Their system architecture was composed of three main
modules. The first (i.e., recognition) performed a feature
extraction process on a set of template images to define
numerical classes able to describe the different target objects
composing the image layout. The second (i.e., classification)
analyzed the source images, using the numerical classes
defined in the previous module, to provide a classification of
the different image zones. Finally, the last (i.e., segmentation)
defined the boundaries between heterogeneous zones and
merged homogeneous ones. Although their method included
a set of statistical operators similar to those used in the
present work, the authors did not produce any adequate
explanation about operator potentiality, limits, and func-
tional characteristics. Moreover, they neither showed any
relationship between operators nor explained rules for their
use. All these last aspects that make possible the reutilization
of the operators to define new tasks on new target objects
are addressed in the present work. Another reference work
is [32], where the ability of the texture analysis in detecting
micro- and macrovariations of the pixel distribution was
described. The authors introduced an approach to classify
multiple sclerosis lesions. Three imaging sequences were
compared in quantitative analyses, including a comparison
of anatomical levels of interest, variance between sequential
slices, and two methods of region of interest drawing. They
focused on the classification of white matter and multiple
sclerosis lesions in determining the discriminatory power
of textural parameters, thus providing high accuracy and
reliable segmentation results. A work in the same direc-
tion is [33]: the concept, strategies, and considerations of
MRI texture analysis were presented. The work summarized
applications of texture analysis in multiple sclerosis as a
measure of tissue integrity and its clinical relevance. The
reported results showed that texture based approaches can be
profitably used as tools of evaluating treatment benefits for
patients suffering from this type of pathology. Another basic

work showing the importance of the texture analysis applied
on the brain is [34], where the authors focused their efforts on
characterizing healthy and pathologic human brain tissues:
white matter, gray matter, cerebrospinal fluid, tumors, and
edema. In their approach each selected brain region of inter-
est was characterized with both its mean gray level values and
several texture parameters. Multivariate statistical analyses
were then applied to discriminate each brain tissue type
represented by its own set of texture parameters.Thanks to its
rich morphological aspects, not only brain can be widely
studied through texture analysis approaches but also other
organs and tissues where they can appear less noticeable. In
[35] the feasibility of texture analysis for the classification
of liver cysts and hemangiomas on MRI images was shown.
Texture features were derived by gray level histogram, cooc-
currence and run-length matrix, gradient, autoregressive
model, and wavelet transform obtaining results encouraging
enough to plan further studies to investigate the value of
texture based classification of other liver lesions (e.g., hep-
atocellular and cholangiocellular carcinoma). Another work
following the same topic is [36], where a quantitative texture
feature analysis of double contrast-enhanced MRI images
to classify fibrosis was introduced. The approach, based
on well-known analysis software (MaZda, [37]), was imple-
mented to compute a large set of texture parameters for
each image.A statistical regularization technique, generalized
linearmodel path, was used to define an effectivemodel based
on texture features for dichotomous classification of fibro-
sis category. Different texture analysis approaches for liver
segmentation and classification are reported in [38].Thework
treated images coming from MRI as well as other imag-
ing modalities (e.g., ultrasound) to support complete liver
description to allow specific algorithms development to solve
different diagnostic tasks. Studies similar to those carried out
on brain and liver are increasingly performed on the heart to
investigate its patterns and structures. For example, in [39] a
method for automating the myocardial contours identifica-
tion to optimize the detection and the tracking of the grid
of tags within myocardium was presented. Endocardial and
epicardial contours detection was based on the use of tex-
ture analysis and active contours models. In particular, the
authors adopted the texture analysis to define energy maps
supporting the whole segmentation process, and the results
were very promising. A similar work was proposed in [40],
where the authors described a dynamic texture based motion
segmentation approach to address the challenging problem
of heart localization and segmentation in 4D spatiotemporal
cardiac images. The method introduced time-dependent
dynamic constraints intomodel based segmentation, with the
advantage of producing segmentation results both spatially
and temporally consistent. Another interesting method
focused on heart characteristics was described in [41], where
an automatic segmentation of the left ventricle in 2D tagged
MRI images based on contrast enhancement was presented.
The method applied histogram modification and local con-
trast enhancement for improving contrast between tagged
lines and nontagged tissue. The ventricular blood filled and
tagged regions were isolated by subtracting gray minimum
from maximum within a small window. In this context,
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wide feature values represented textured regions, and small
values highlighted homogeneous ones, respectively. Finally,
boundaries of the left ventricle were extracted. A last case
study is focused on bone structures that more than others
seem to present hidden and weak textural patterns. In [42]
an approach to assess the ability of specific texture parameters
to detect exercise load-associated differences in MRI images
representing the neck cross-section was presented. In par-
ticular, the femoral neck trabecular bone at the level of the
insertion of articular capsule was divided manually into
regions of interest representing four anatomical sectors:
anterior, posterior, superior, and inferior. Selected cooccur-
rence matrix based texture parameters were used to evaluate
differences in apparent trabecular structure between the
exercise loading groups and anatomical sectors of the femoral
neck. The reported results showed qualitative and quan-
titative evaluations in detecting and classifying structural
differences in trabecular bone associated with specific exer-
cise loading. Another remarkable work was [43], where the
authors described a unified framework for automatic seg-
mentation of intervertebral disks of scoliotic spines from
different types of magnetic resonance image sequences.Their
method exploited a combination of statistical and spectral
texture features to discriminate closed regions representing
intervertebral disks from background in acquired images of
the spine. A set of texture features were extracted from every
closed region obtained from an automatic segmentation
procedure based on the watershed approach. The authors
validated their approach by using a supervised k-nearest-
neighbor classifier on a wide number of images. A final work
on this topicwas [44], where amethod for automatic segmen-
tation of the tibia and femur in clinical magnetic resonance
images of knees was presented. The texture information was
incorporated into an active contours framework through the
use of vector-valued geodesic snakes with local variance as a
second value at each pixel, in addition to intensity. The use
of this additional information allowed to develop a system to
better handle noise and nonuniform intensities found within
the structures to be segmented. Besides those mentioned,
other works [45–49] were focused on the texture analysis on
medical images to accomplish heterogeneous tasks; among
these we considered only approaches related to four specific
anatomical regions (brain, heart, liver, and bones) since they
represented the images onwhichwe used the customized first
and second order statistics based operators. Unlike the works
cited above that adopted texture analysis to achieve specific
targets (e.g., lesion detection, mass classification, and 3D
reconstruction), our intent was to provide a set of customized
first and second order statistics based operators to support the
definition of any new task. We designed a general purpose
texture analysis approach to evaluate the behavior of each
operator on the established medical domains. In addition,
having each operator a different numerical feedback when
applied on images belonging to a specific domain, we defined
some main rules specifying the role of an operator and its
relationship with others in distinguishing different textural
aspects. For all these reasons, our approach is not directly
comparable with others since any work regarding roles and
rules of operators is given. Moreover, our method to extract

textural features can be considered novel with respect to the
current state of the art.

The paper is structured as follows. Section 2 details the
proposed texture analysis process, including the first and
second order statistics based operators. Information about
their potentiality, limits, and functional characteristics are
also reported. Section 3 summarizes and discusses the exten-
sive experimental results showing the application of each
operator on MRI images of brain, heart, liver, and bones.
Finally, Section 4 concludes the paper.

2. Materials and Methods

This section details the designed texture analysis process.The
mentioned process is the same on each established type of
image (i.e., brain, heart, liver, and bones), where only the
definition of some parameters has to be adjusted depending
on both the specific type of image (e.g., brain or heart) and the
fixed targets (e.g., brain mass or heart lesions identification).
Being different targets heterogeneous and hugely numerous,
our purpose is to provide a guideline onwhy and how to adopt
the developed method and related operators without a spe-
cific case study. In the rest of the paper, we suppose that every
image (e.g., brain) is analyzed by our approach in a supervised
way in order to study the numerical feedback of each operator
according to different constitutive parts of the image (e.g.,
background, cerebral tissue, on skull).This step is fundamen-
tal since it leads the segmentation activity, the basic process
to support each complex task in biomedical image analysis
[50, 51].

Each image is entirely browsed by a window (recognition
window, RW) of fixed size (i.e., 𝑛

𝑎
×𝑛
𝑏
, 𝑛
𝑎
, 𝑛
𝑏
∈ 𝑁), in top-to-

down and left-to-right way without overlapping. It is impor-
tant to note that any other non-overlapping browser strategy
would give the same results. The size of the window can
change depending on the specific target, the type of the image,
and its spatial resolution. The first aspect points out that
the patterns associated to different textural analysis processes
(e.g., ventricular lesion discovery, semilunar valve identifica-
tion) on a given dataset of images (e.g., heart) can be detected
by a suitable set of operators trained to identify different pixel
configurations. The second highlights that the study of the
micro- and macrotextural components depends on the spe-
cific organ or tissue. Finally, the last aspect draws attention to
the relationship between the scanning window and the image
spatial resolution. Our approach is conceived to face the first
two aspects, while in the experimental section (Section 3)
we show the image technical characteristics and the related
assumptions for the browsing window size.

Each RW contains a set of pixels (i.e., 𝑝
𝑖
) elaborated from

the whole set of functions (i.e., operators: 𝑓
𝑖
) to provide a

corresponding set of numerical values (i.e., 𝑄
𝑗,𝑓
𝑖

), each one
representing a characterization of the mentioned pixels
depending on the adopted operator (see the next subsection).
Formally, we can summarize the general operation of the
developed functions as follows:

𝑄
𝑗,𝑓
𝑖

= 𝑓
𝑖
(𝑝
0
, 𝑝
1
, 𝑝
2
, . . . , 𝑝

𝑛
) , (1)
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Figure 1:The source image is browsed by the operator𝑓
𝑖
to obtain the related feature map FM

𝑓𝑖
.Themap is subsampled as each RWprovides

a pixel as result. In the example the source image is analyzed by 64 RW thus providing a subsampled 8 × 8 image.

where 𝑄
𝑗,𝑓
𝑖

∈ 𝑁
3 represents the new pixel 𝑗 ∈ 𝑁 of the new

image (i.e., feature map, FM
𝑓
𝑖

) depending on the function 𝑓
𝑖
.

The pixel is structured in (𝑥, 𝑦, 𝑧) ∈ 𝑁
3 where (𝑥, 𝑦) ∈ 𝑁

2

sets the spatial position of the pixel, while 𝑧 ∈ 𝑁 sets the
amplitude value. 𝑓

𝑖
: 𝑁
𝑛

× 𝑁 represents the operator 𝑖 ∈ 𝑁

with domain in 𝑁
𝑛 and codomain 𝑁, and 𝑛 ∈ 𝑁 represents

the number of elaborated pixels (i.e., pixels contained in RW).
𝑝
𝑖
∈ 𝑁
3 represents a pixel contained in the RW having the

same structure of 𝑄
𝑗,𝑓
𝑖

.
As shown in Figure 1, the elaboration of each source

image provides a subsampled FM
𝑓
𝑖

. The numerical values
contained in this new map represent the behavior of the
operator 𝑓

𝑖
in processing the different pixel configurations

belonging to the different constitutive parts of the image. By
performing this operation on the whole dataset of images, we
obtain an equal number of subsampled images (i.e., feature
space, FS

𝑓
𝑖

) related to the operator 𝑓
𝑖
; furthermore, following

the same method, we can obtain the feature space related
to each specific operator (FS

𝑓
1

, FS
𝑓
2

, . . . , FS
𝑓
𝑚

, 𝑚 ∈ 𝑁).
These spaces suitably managed and interpreted represent
the basic statistical information to implement an ad hoc
mathematical model to achieve different targets (e.g., brain
mass identification). We adopt the pyramid based texture
analysis approach [52, 53] (i.e., subsampling strategy) to avoid
redundant values in modeling definition. Despite this, the
proposed approach is fully parametric thus allowing RW
shape and size modification, image browsing process setting
(i.e., with and without overlap), and number of the pyramidal
levels choice. In Section 3 we detail and fix the whole set of
parameters.

2.1. Operator Implementation. This section shows the CV
and IU textural operators customized after our investigative
experience regarding the established domains: brain, heart,
liver, and bones. Since the browsing process determines the
(𝑥, 𝑦) ∈ 𝑁

2 position of the new pixel within the related
feature map, in the following formalization we can omit it.
Finally, we highlight that the observations related to the
numerical feedback of the operators have to be considered
tied to the established natural domains without general
implications on different kinds of images.

The first two operators we consider are based on the first
order statistic, specifically, 𝑁-order moment (𝑀

𝑛
1

) and 𝑁-
order central moment (𝐶

𝑛
2

):

𝑀
(𝑛
1
)
=

𝐿−1

∑

𝑖 = 0

𝑖
𝑛
1 ⋅ 𝑝 (𝑖) , 𝐶

(𝑛
2
)
=

𝐿−1

∑

𝑖 = 0

(𝑖 − 𝑀
𝑛
1

)
𝑛
2

⋅ 𝑝 (𝑖) ,

(2)

where 𝑝(𝑖) represents the probability that the gray level 𝑖 ∈
[0 ⋅ ⋅ ⋅ 𝐿 − 1] appears within the RW, 𝐿 represents the number
of levels of color in the source image, and 𝑛

1
, 𝑛
2
represent the

orders of the𝑀
(𝑛
1
)
and 𝐶

(𝑛
2
)
, respectively.

The following constraints must hold:

∀𝑖 ∈ [0 ⋅ ⋅ ⋅ 𝐿 − 1] ⊂ 𝑁, 0 ≤ 𝑝 (𝑖) ≤ 1,

𝐿−1

∑

𝑖 = 0

𝑝 (𝑖) = 1; 𝑛
1
, 𝑛
2
∈ 𝑁.

(3)

Actually, they are not properly textural operators, since
their task is only to measure the informative content of
different image zones. In particular, the first operator (𝑀

(𝑛
1
)
)

calculates the average of the levels of color related to the pixels
contained within the RW; the second operator (𝐶

(𝑛
2
)
) mea-

sures the amplitude dispersion that the pixels contained
within the RW have compared to their average (i.e., 𝑀

(𝑛
1
)
).

The order of the two operators leads the dynamic and the
detail of the obtained numerical values. In our context, these
operators aremainly used to distinguish the backgroundof an
image from the rest of image. In fact, the background image
zones are usually characterized by very low𝑀

(𝑛
1
)
values and

low 𝐶
(𝑛
2
)
values. Moreover, these operators are also used

to support the discrimination of regions of interest (ROIs)
which present high 𝑀

(𝑛
1
)
and very high 𝐶

(𝑛
2
)
. A last use of

these operators regards the detection of zones belonging to
ROIs and not to background; this generally occurs in those
areas across two different textural zones (e.g., cerebral tissue
and skull) which present low𝑀

(𝑛
1
)
and high 𝐶

(𝑛
2
)
.

The rest of the operators introduced in this section are
fully texture based since theywork both on spatial disposition
and amplitude value of the pixels contained within the RW.
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They are based on the Haralick et al. studies [54, 55] which
were oriented to discriminate different meaningful textural
features through the utilization of co-occurrence matrices.
Currently, there are more advanced methods to discover
textural features on natural images [56, 57]; despite this, our
preliminary studies on the established domains have led us
in using the proposed approach which seems completely
suitable and profitable. Experimental results supported our
efforts. Actually, we have adopted a variation of the classical
approach which is designed to detect textural features by
considering only four fixed directions (i.e., 0∘, 45∘, 90∘, and
135∘). As shown in Figure 2, our method considers each pixel
contained within the RW as the center of a discrete circum-
ference whose radius (𝑑) can be freely defined (in Figure 2:
𝑑 = 2). Each pair of points formed by the current central
point and the one located on the perimeter of the circum-
ference will increase the related position within the cooc-
currence matrix. A careful analysis of the numerical results
obtained by this approach allows for obtaining both textural
aspects related to the pixels contained within the RW and
contextual information of the pixels positioned around the
RW. In this way, changing the parameter 𝑑 of the RW, we can
analyze the dynamic of the textural variations in a significant
neighborhood of the RW.

The first two textural operators belonging to the second
order statistic are customized to emulate twomain visual per-
ceptions related to theCVfield [58], specifically, homogeneity
(HG(𝑑)

(𝑛
3
)
) and contrast (CT(𝑑)

(𝑛
4
,𝑛
5
)
):

HG (𝑑)
(𝑛
3
)
=

𝐿−1

∑

𝑖 = 0

𝐿−1

∑

𝑗 = 0

[𝑝
𝑑
(𝑖, 𝑗)]
𝑛
3

,

CT (𝑑)
(𝑛
4
,𝑛
5
)
=

𝐿−1

∑

𝑖 = 0

𝐿−1

∑

𝑗 = 0

|𝑖 − 𝑗|
𝑛
4 ⋅ [𝑝
𝑑
(𝑖, 𝑗)]
𝑛
5

,

(4)

where 𝑝
𝑑
(𝑖, 𝑗) represents the probability that two pixels, with

distance 𝑑, have, respectively, 𝑖 ∈ [0 ⋅ ⋅ ⋅ 𝐿−1] and 𝑗 ∈ [0 ⋅ ⋅ ⋅ 𝐿−

1] amplitude values. 𝑛
3
, 𝑛
4
, and 𝑛

5
represent the parameters

of the generalized HG(𝑑)
(𝑛
3
)
and CT(𝑑)

(𝑛
4
,𝑛
5
)
.

The following constraints must hold:

∀ (𝑖, 𝑗) ∈ [0 ⋅ ⋅ ⋅ 𝐿 − 1]×[0 ⋅ ⋅ ⋅ 𝐿 − 1] ⊂ 𝑁
2

, 0 ≤ 𝑝
𝑑
(𝑖, 𝑗) ≤ 1,

𝐿−1

∑

𝑖 = 0

𝑝
𝑑
(𝑖, 𝑗) = 1, 𝑛

3
, 𝑛
4
, 𝑛
5
∈ 𝑁.

(5)

HG(𝑑)
(𝑛
3
)
measures the degree of uniformity associated

to the different image zones. It provides high values on those
zones having a high homogeneity level, while low values
denote zones highly disconnected, as well as zones containing
different textures. By comparing numerical values of adjacent
image zones, the operator can measure the changing of tex-
tural structures covering a portion of an image. In particular
high or low variations of the analyzed image zones reflect
light or wide changes in textural structures, respectively.
The results obtained from the described operator are highly
dependent on the setting of the radius 𝑑 since in natural

domains, including the established ones, the uniformity is
a characteristic with rapid changes depending on the local
pixel distribution. Finally, the parameter 𝑛

3
serves to define

the dynamic of the obtained results: it has to be customized
according to both image kind and specific target.

CT(𝑑)
(𝑛
4
,𝑛
5
)
measures the amplitude variation between

different image zones. When applied to textures composed
of pixels with constant intensities (i.e., similar amplitude
values), it provides very low values (CT(𝑑)

(𝑛
4
,𝑛
5
)
≈ 0). On

the contrary, the operator provides high numerical values on
image zones having high variations of the pixel intensities,
thus reflecting amplitude changes and density transitions.
From a different point of view, this operator can be seen as
a measure of how textural components are structured on dif-
ferent image zones. In fact, the passage between very high and
very low values belonging to different zones reflects a definite
structured pattern while constant values do not show any
significant modification. Also in this case, the value of the
radius 𝑑 influences the result of the operator. This is due to
the possible amplitude variations of the texture. However, the
operator shows significant diversifications only considering
distant radius values. Finally, the parameters 𝑛

4
and 𝑛

5
have

to be experimentally investigated to define the sensibility of
the operator in discovering the structural variations of the
involved patterns.

In our context, HG(𝑑)
(𝑛
3
)
and CT(𝑑)

(𝑛
4
,𝑛
5
)
can be seen

as the measure of macrotextural aspects of the MRI images
tied to the visual perception to immediately identify the basic
components contained within the layout of the treated
images.

The other two textural operators belonging to the second
order statistics are customized to determine two hidden
significant features useful to identify both the period and the
size of the involved patterns, specifically, inverse difference
(ID(𝑑)

(𝑛
6
,𝑛
7
)
) and entropy (ET(𝑑)

(𝑛
8
,𝑛
9
)
):

ID (𝑑)
(𝑛
6
,𝑛
7
)
=

𝐿−1

∑

𝑖 = 0

𝐿−1

∑

𝑗 = 0

[𝑝
𝑑
(𝑖, 𝑗)]
𝑛
6

1 + (𝑖 − 𝑗)
𝑛
7

,

ET (𝑑)
(𝑛
8
,𝑛
9
)
= −

𝐿−1

∑

𝑖 = 0

𝐿−1

∑

𝑗 = 0

[𝑝
𝑑
(𝑖, 𝑗)]
𝑛
8

⋅ [log
𝑘
1

(𝑝
𝑑
(𝑖, 𝑗))]

𝑛
9

,

(6)

where 𝑛
6
, 𝑛
7
, 𝑛
8
, 𝑛
9
, 𝑘
1
∈ 𝑁 represent the parameters of the

generalized ID(𝑑)
(𝑛
6
,𝑛
7
)
and ET(𝑑)

(𝑛
8
,𝑛
9
)
. The other terms are

defined as in (5).
ID(𝑑)

(𝑛
6
,𝑛
7
)
measures and characterizes the local distri-

bution of pixels within an image zone. The set of numerical
values it provides can be used to define a specific pixel
configuration and its repetitions. In this operator the param-
eters 𝑛

6
, 𝑛
7
, and 𝑑 are adopted to fix experimentally one or

more patterns within the source image by considering their
scale, sizes, and rotations. This operator is conceived to catch
high level of details. For this reason it is suitable to define
microtextural aspects of the analyzed zones.

ET(𝑑)
(𝑛
8
,𝑛
9
)
measures the degree of disorder related to

different image zones. Its values are directly proportional to
the randomness level detected within the analyzed zones.
Also in this case the parameters 𝑛

8
, 𝑛
9
, 𝑘
1
, and 𝑑 have to be
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Figure 2:Variation of theHaralick et al. approachwhich considers all the possible directions andnot only the cardinal ones. In the example the
RWcontains 9 pixels; each circumference provides 16 pair of pixels; therefore the current RWprovides 144 values to the co-occurrencematrix.

empirically fixed to support the pattern definition. In par-
ticular, the following strategy provided profitable results to
support the identification of the pixel configuration: start-
ing from image zones having high homogeneity levels
(HG(𝑑)

(𝑛
3
)
), the behavior of this operator can be analyzed

according to the progressive increments of 𝑑; in this way we
can provide the structural changes of the distribution com-
posing the identified patterns.

In our context, ID(𝑑)
(𝑛
6
,𝑛
7
)
and ET(𝑑)

(𝑛
8
,𝑛
9
)
are used to

define the basic features of the microtextural aspects of the
image zones, in particular, to distinguish different significant
textural structures composing the given images (according to
the fixed tasks).

Empirical experiences have allowed us to consider two
other textural operators to support the working of the pre-
vious ones. These operators do not have a specific meaning:
they are utilized to increase the detail and the reliability
of the proposed second order statistics based operators,
specifically, correlation (CR(𝑑)

(𝑛
10
,𝑛
11
)
) and difference entropy

(DE(𝑑)
(𝑛
12
,𝑛
13
)
):

CR (𝑑)
(𝑛
10
,𝑛
11
)
=

𝐿−1

∑

𝑖 = 0

𝐿−1

∑

𝑗 = 0

(𝑖 − 𝜇
𝑥
) ⋅ (𝑖 − 𝜇

𝑦
) ⋅ [𝑝
𝑑
(𝑖, 𝑗)]
𝑛
10

[𝜎
𝑥
⋅ 𝜎
𝑦
]
𝑛
11

,

DE (𝑑)
(𝑛
12
,𝑛
13
)
= −

𝐿−1

∑

𝑖 = 0

[𝑝
𝑥−𝑦

(𝑖)]
𝑛
12

⋅ [log
𝑘
2

(𝑝
𝑥−𝑦

(𝑖))]
𝑛
13

,

(7)

where 𝑛
10
, 𝑛
11
, 𝑛
12
, 𝑛
13
, 𝑘
2

∈ 𝑁 represent the parameters
of the generalized CR(𝑑)

(𝑛
10
,𝑛
11
)
and DE(𝑑)

(𝑛
12
,𝑛
13
)
. The other

terms are defined as in (5). Moreover

𝜇
𝑥
=

𝐿−1

∑

𝑖 = 0

𝐿−1

∑

𝑗 = 0

[𝑖 ⋅ (𝑝
𝑑
(𝑖, 𝑗))] ,

𝜎
𝑥
= √

𝐿−1

∑

𝑖 = 0

𝐿−1

∑

𝑗 = 0

[(𝑖 − 𝜇
𝑥
)
2

⋅ (𝑝
𝑑
(𝑖, 𝑗))],

𝜇
𝑦
=

𝐿−1

∑

𝑖 = 0

𝐿−1

∑

𝑗 = 0

[𝑗 ⋅ (𝑝
𝑑
(𝑖, 𝑗))] ,

𝜎
𝑦
= √

𝐿−1

∑

𝑖 = 0

𝐿−1

∑

𝑗 = 0

[(𝑗 − 𝜇
𝑦
)
2

⋅ (𝑝
𝑑
(𝑖, 𝑗))],

𝑝
𝑥−𝑦

(𝑘) =

𝐿

∑

𝑖 = 0

𝐿

∑

𝑗 = 0

[𝑝
𝑑
(𝑖, 𝑗)]
𝑞

, where 𝑖 − 𝑗
 = 𝑘.

(8)

CR(𝑑)
(𝑛
10
,𝑛
11
)
and DE(𝑑)

(𝑛
12
,𝑛
13
)
are mainly used to recog-

nize relationships between near RWs and different discovered
patterns, respectively. In other words, the first can be used
to identify spatial constraints of RWs composing the same
pattern, while the second can be adopted to determine the
spatial constraints of different textural patterns.

In this context, it is important to note that the whole set of
operators have different degrees of dependence. This means
that the results of each operator have to be considered jointly
with those provided from the others. A single operator is only
able to describe the general features of a complex texture. To
identify more patterns, different textural aspects have to be
adopted within the same mathematical model. Table 1 shows
the dependence between operators which can be considered
as a general guideline to adopt the customized set of textural
operators to implement specific tasks related to the estab-
lished domains. With reference to the first row of Table 1, we
can observe that the operator 𝑀

(𝑛
1
)
is strongly joint to the

operator 𝐶
(𝑛
2
)
; this means that they have to be jointly

evaluated to provide a reliable numerical result. Subsequently,
the other dependent levels highlight the order by which the
values coming from 𝑀

(𝑛
1
)
have to be compared with those

provided from the other operators. This approach is aimed at
refining the obtained results. When two or more operators
have similar dependent level, the choice is empirically per-
formed according to the specific task. The other rows can
be interpreted in the same way. Finally, we highlight that
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Table 1: Relationship between the customized first and second order statistics based operators. The value from 1 (low) to 4 (high) points out
the dependence level between two operators.

Operators 𝑀
(𝑛1)

𝐶
(𝑛2)

HG(𝑑)
(𝑛3)

CT(𝑑)
(𝑛4,𝑛5)

ID(𝑑)
(𝑛6 ,𝑛7)

ET(𝑑)
(𝑛8,𝑛9)

CR(𝑑)
(𝑛10 ,𝑛11)

DE(𝑑)
(𝑛12 ,𝑛13)

𝑀
(𝑛1)

⋅ ⋅ ⋅ 4 3 3 2 2 1 2

𝐶
(𝑛2)

4 ⋅ ⋅ ⋅ 2 3 2 3 2 2

HG(𝑑)
(𝑛3)

3 2 ⋅ ⋅ ⋅ 4 3 3 1 1

CT(𝑑)
(𝑛4,𝑛5)

3 3 4 ⋅ ⋅ ⋅ 3 2 2 2

ID(𝑑)
(𝑛6 ,𝑛7)

2 2 3 3 ⋅ ⋅ ⋅ 4 3 2

ET(𝑑)
(𝑛8,𝑛9)

2 3 3 2 4 ⋅ ⋅ ⋅ 3 3

CR(𝑑)
(𝑛10 ,𝑛11)

1 2 1 2 3 3 ⋅ ⋅ ⋅ 4

DE(𝑑)
(𝑛12 ,𝑛13)

2 2 1 2 2 3 4 ⋅ ⋅ ⋅

the results summarized in Table 1 are derived by analyzing the
behavior of the operators on the established domains accord-
ing to the segmentation task. For this reason, they can be
adopted as general guidelines on each defined new task.

3. Results and Discussion

In order to define qualitative and technical aspects of the
proposed approach, experimental results were obtained from
a wide dataset containing images of brain, heart, liver, and
bones. In particular, the experimental phase was divided into
three sessions: basic parameter definition, model parameter
definition, and qualitative response. The first served to iden-
tify the basic parameters through which the source images
had to be browsed; the second focused on the parameter
definition of each first and second order statistics based
operator according to a specific natural domain; finally, the
third focused on the qualitative aspects of the approach with
respect to a specific basic task (i.e., segmentation). All the
experimental sessions were performed usingMRI transversal
𝑇
1
weighted, 𝑇

2
weighted, and proton density (PD) images

having 8 bit (i.e., 𝐿 = 256) and 512 × 512 pixels.

3.1. Basic Parameter Definition. Table 2 summarizes the pre-
liminary analysis which supported the definition of several
critical parameters of the proposed approach. We used 110
images, collected by 41 different patients suitably subdivided
within the four natural domains. As previously mentioned,
we have focused on the segmentation task since it represents
the basic step of the image processing. Dimension and shape
of the RW represent crucial aspects. An RW too wide causes
the loss of textural details; an RW too small is unable to
detect textural features. On each image both variance (i.e.,
𝐶
2
) and basic entropy (i.e., ET(2)

(2, 3)
) values of the pixel

distribution were empirically evaluated with the aim of
maximizing them and at the same time minimizing the RW.
These observations have shown that a square RW sized 6 × 6

pixels can provide the best solution to catch the micro- and
macrotextural aspects from all studied domains. In some
cases, when noise and low information occur within specific
image zones, it can be useful to enlarge or decrease (of
one unit) the RW size. Moreover, these observations have
also highlighted that the image browsing can be performed
in conventional mode (i.e., top-to-down and left-to-right)

without overlapping, while maintaining the integrity of the
extracted textural information content. Only in some cases,
regarding bones (in particular, the hand) it can be necessary
to browse the image with an overlapping strategy to infer
information about structures and patterns. For the same
reasons, overlapping strategy can be applied on images having
very low textural variations. In this experimental session we
obtained both base (𝐿

0
) and first (𝐿

1
) pyramidal levels. The

base level was considered to analyze variance and entropy
values, while the first level was exploited to support the defini-
tion of image zones having low information content. Finally,
we have also deduced that the usefulness of the first level is
directly proportional to dynamical aspects of the involved
textures. In fact, in brain and heart images which have
high variation of the textural structures, the first level of the
pyramid can provide distinguishing information than liver
and bone images which have textural structures less complex
and heterogeneous.

3.2. Model Parameter Definition. Table 3 summarizes the
parametric definition of the first and second statistics based
operators which define our statistical model. We used 380
images, collected by 160 different patients. Also in this case,
the images were suitably subdivided within the four natural
domains. In this session we analyzed different patients (and
related images) from the previous ones with the aim of
obtaining a more objective investigation. Moreover, this
session was implemented by developing an ad hoc machine-
learning supervised algorithm [59] able to highlight the
differences of the numerical feedbacks provided by the set of
operators during the analysis process. Initially, each param-
eter of each operator was fixed to 1 in order to obtain an
initial state of the algorithm. Subsequently, a skilled user
modified variance (i.e.,𝐶

2
) and basic entropy (i.e., ET(2)

(2, 3)
)

values to identify the different image zones having the
highest numerical feedbacks. Starting from these values the
skilled user implemented a feature vector composed of all
operators. The parameters contained within the vector were
methodically increased or decreased to produce different
feature spaces useful to perform the current task (in this case,
segmentation). In other words, the skilled user modified, in
a supervised way, the parameters contained within the vector
taking into account the role and dependence table (Table 1)
of each operator. The main aim of the parameter variation
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Figure 3: Qualitative response on (a) brain, (b) heart, (c) liver, and (d) bone.

was to increase the numerical feedback of the textural
operators decreasing the variation among “independent” (or
less dependent) operators. Once several feature spaces were
computed (i.e., states of the algorithm), the approach pro-
vided a final set of numerical intervals. These intervals can
be considered as themathematicalmodel describing the fixed
task. In particular, each object contained within the layout of
an image can be defined by a specific set of numerical values
obtained by considering the whole set of operators and
related variations due to the different parameters. Despite the
large amount of parameters shown in Table 3, just a minor
part of them with a restricted set of values define the main
features of the objects. For example, the discrimination of the
background from the informative content is almost always
performed by using 𝑀

(𝑛
1
)
and 𝐶

(𝑛
2
)
with 𝑛

1
= 1 and 𝑛

2
= 2,

respectively. The other values are used to solve particular
cases due to noise or artifacts. Similarly, the radius adopted
to the different operators to describe the related textural
features is almost always fixed on 𝑑 = 2 and 𝑑 = 3; the
other values are used to solve particular issues tied to the
boundary detection of two different textural zones. However,
the whole set of parameters shown in the Table 3 can be
considered as a guideline to implement and customize mul-
tipurpose operators. Finally, we observe that when a skilled

user defines a new task (e.g., mass detection) on a well-
established domain, (e.g., brain) a new training stage has to be
performed to define the new reference mathematical model.

3.3. Qualitative Response. Figure 3 summarizes the qualita-
tive response of the proposed approach in relation to the
assigned basic task: the segmentation. In order to obtain com-
parable results independently of the specific natural domain,
the set of images was chosen according to some simple
morphological rules: (a) high stationarity of the texture, (b)
substantial availability of the target objects, and (c) avoiding
ambiguities related to the transition of different objects. All
these aspects can be reasonably satisfied considering images
belonging to “middle” transversal scanner planes where
organs and tissues represent a wide portion of the whole
image (not less than 20%).We report four graphics (Figure 3)
representing the qualitative ratio between the pixels belong-
ing to the real objects and the ones belonging to the seg-
mented objects. In particular, Figures 3(a), 3(b), 3(c), and 3(d)
represent the qualitative measurements of the brain, heart,
liver, and bones, respectively. Note that while the abscissa
in the first three cases represents the increasing amount of
objects due to the transversal scanning plan, in the last case it
represents the amount of objects due to a supervised choice
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of the images. The four figures show that the segmentation
error (over and/or under segmentation) is less than 8% on the
whole set of images by using the same set of operators.

4. Conclusion

Texture analysis of MRI images supports their exhaustive
and unambiguous mathematical description.The base of this
process is composed of a set of feature extractors to detect the
key characteristics related to the objects contained within the
image layout. These characteristics change depending on the
established task (e.g., volume evaluation, lesions identifica-
tion); despite this, our parametric approach designed for spe-
cific MRI images (i.e., brain, heart, liver, and bones) and the
developed set of customizable textural operators can jointly
provide a numerical interpretation of the images according
to the specific task.This numerical interpretation represents a
tool to describe differentmodels to implement heterogeneous
CAD functionalities (e.g., mass identification). To prove the
usefulness and the accuracy of the proposed approach, we
have fixed and tested the segmentation task on the analyzed
domains; these experimental sessions allowed providing a set
of information (i.e., roles, rules, and dependences) on the
developed operators which can be used as guidelines to
implement new tasks and CAD functionalities.
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Quantifying the pathological features of flexor tendon pulleys is essential for grading the trigger finger since it provides clinicians
with objective evidence derived from microscopic images. Although manual grading is time consuming and dependent on the
observer experience, there is a lack of image processing methods for automatically extracting pulley pathological features. In
this paper, we design and develop a color-based image segmentation system to extract the color and shape features from pulley
microscopic images. Two parameters which are the size ratio of abnormal tissue regions and the number ratio of abnormal nuclei are
estimated as the pathological progression indices. The automatic quantification results show clear discrimination among different
levels of diseased pulley specimens which are prone to misjudgments for human visual inspection. The proposed system provides
a reliable and automatic way to obtain pathological parameters instead of manual evaluation which is with intra- and interoperator
variability. Experiments with 290 microscopic images from 29 pulley specimens show good correspondence with pathologist
expectations.Hence, the proposed systemhas great potential for assisting clinical experts in routine histopathological examinations.

1. Introduction

Trigger finger is a common medical condition which occurs
when the sheath of finger flexor tendon thickens, causing un-
smooth glide of the tendon.The affected finger usually yields
pains, intermittent snapping (triggering), or actual locking
(during flexion or extension) resulting in patient difficulty [1].
Although more than one potential cause has been described,
the etiology of the trigger finger remains idiopathic [2]. In
order to understand the real causes and risk factors of trigger
finger, microscopic evaluation for various degrees of patho-
logical change hence becomes a critical issue.

The pathologicalmechanism in the flexor sheath has been
reported as the fibrocartilaginous metaplasia (or chondroid

metaplasia) of its “A1” pulley based on the histopathological
analysis [3]. In a normal pulley, there is a dense, regular, and
connective tissue that is composed of collagenous fibers in
compact and parallel bundles. Generally, histopathological
specimens of collagenous fibers appear eosinophilic and pink
in color under hematoxylin and eosin (H&E) stain.Moreover,
it can be observed from microscopic images that the fibrob-
lasts of a normal pulley possess long rod-like nuclei between
the longitudinal bundles. On the other hand, the pulley of a
trigger finger usually demonstrates the phenomenon of fibro-
cartilaginous metaplasia (or chondroid metaplasia), which is
characterizedby thepresenceof chondrocytes (cartilage cells).
The affected fibers thus contain round nuclei and sulfate
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proteoglycans appearing in blue/purple color under the H&E
stain [4].

A good interpretation of microscopic image depends on
the level of abnormality observed froma combination of good
visual evaluation and theoretical knowledge by pathologists
[5]. Such qualitative evaluation of pathological changes re-
mains the most common approach to grade trigger finger.
However, due to intra- and interobserver variability, the accu-
racy of the grading results is decreased and the reproducibility
of the experiment is difficult to ensure.Moreover, some quan-
tities, such as the amount of nuclei, are impractical to obtain
by visually examining the entiremicroslide.These limitations
increase the probability of making an inappropriate decision
for follow-up therapy. The aim of this paper is to define two
parameters that reflect the above-mentioned color and shape
features of pulley specimens and develop an image analysis
system for automatic and objective microscopic evaluation of
the pulley pathological changes.

Microscopic image analysis methods have been actively
investigated because they provide the most direct informa-
tion for evaluating morphological or functional changes of
tissues of interest at the microscopic level. Tabesh et al. [6]
proposed an automatic prostate cancer classification system
to analyze the microscopy of the prostate cancer tissues with
color features in the R, G, and B channels of the acquired
images. However, as the acquired images are nonuniformly
illuminated, their simple thresholding method is not directly
applicable in our case. Wu et al. [7] proposed a live cell image
segmentation method to directly segment the cell regions
using gray level. However, in our case, the pink areas which
represent the normal tissues and the purple areas which
represent the diseased tissues show very close gray level in
the acquired images. Only using the gray level information
in separating the abnormal from normal tissues on the pulley
microscopic image would likely give erroneous results. The
Canny edge detector is also a popular way to detect the border
of cells [8]. However, in our case, the Canny operator detects
not only the borders of nuclei but also the borders of dark
blue and noise areas. As we are only interested in the borders
of nuclei, too many irrelevant edges detected by the Canny
operator tend tomake the postprocessing process tedious and
increase the likelihood of detection errors.

In this paper, we propose an image analysis system to
automatically quantify the pathological features of pulleys
with trigger finger on microscopic images. Two parameters,
which are the size ratio of abnormal tissue regions (parame-
ter 1) and the number ratio of abnormal nuclei (parameter 2),
are designed to reflect the severity of diseased tissues based
on the pathologist suggestions. Figure 1 shows the flowchart
of the proposed method. First, the proposed system applies
a color normalization to efficiently reduce the influence of
nonuniform color distribution among the captured images.
Then, the system adopts a three-stepped color segmentation
process to extract normal and abnormal tissue regions from
the hue-saturation-intensity (HSI) color space of the color-
normalized image in order to calculate parameter 1. In
addition, we design an active double thresholding algorithm
to segment the nuclei and utilize a rule-based classifier based

Original image

Color normalization

Color segmentation
Otsu thresholding on hue

component

Overlap the background
onto the G channel image

Nuclei classification

Otsu thresholding on G
channel

Mark the background in
blue on hue component

Otsu thresholding on hue
component

Active double thresholding
on R channel

Noise removal

Classification with shape
features

Parameter estimation

Figure 1: Flowchart of the proposed system.

on nuclei shape properties to identify normal and abnormal
nuclei for calculating parameter 2. Experiments demonstrate
high correspondence between the automatically estimated
parameters and the qualitative judgments of a pathologist.

2. Materials

Themicroscopic images of specimens in this study were pro-
vided by the laboratories in National Cheng Kung University
Hospital and in Ton Yen General Hospital. The pathological
pulley tissue specimens were obtained from the patients who
were clinically diagnosed with trigger finger disease by or-
thopedists D. S. Yang and T. H. Yang. For pathological exam-
ination, all of the specimens followed the procedures of fix-
ation in formalin, procession in graded alcohols and xylene,
embedding in paraffin, cutting of sections with a microtome,
and being stained with hematoxyline-eosin (H&E). The mi-
crotome was preset for a 5𝜇m in thickness.

In these specimens, the normal pulley showed a dense
regular fibrotic tissue. The collagenous fibers were arranged
in compact, parallel bundles. Between the bundles were rows
of modified fibroblasts with elongated spindle-shaped nuclei.
Thepathologic pulley tissue presented fibrocartilagemetapla-
sia. It was composed of irregular connective tissue with fibro-
cartilaginous metaplasia (or chondroid metaplasia). In the
H&E stained slides, the nuclei were dark blue in color and the
collagenous fibers were pink in color. The fibrocartilaginous
metaplastic (or chondroid metaplastic) tissue demonstrated
more chondromyxoid materials (including hyaluronic acid,
chondroitin sulfate, and proteoglycan) and showed blue or
purple colors. Furthermore, nuclei of cartilage-like cells were
round in shape. The prepared slides were first observed and
graded according to the severity of myxoid metaplasia by
pathologist H. B. Yang under a light microscope (Olympus,
BX50). These specimens were also analyzed by the proposed
system based on the above-mentioned color and shape
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(a) (b)

(c) (d)

Figure 2: Color normalization. (a) and (c) are two original images from different specimens; (b) and (d) are results of (a) and (c) after
performing color normalization, respectively.

features. The automatic evaluation results were then com-
pared with the manually graded results.

3. Methods

3.1. Color Normalization. The color normalization method
is used to resolve the problem of nonuniform distribution
in color and illumination of the acquired images, which are
caused by the different staining and imaging conditions of the
microscopic slices. As shown in Figures 2(a) and 2(c), color
distributions of the two acquired images are quite different
from each other. Color normalization will help to map these
different microscopic images to a common image type with
similar color distribution.

The color normalization method provided by Reinhard
et al. [9] is adopted in this study. Initially, we must choose
some standard images (target images) from the source image
dataset with the following characteristics: the contrast ratio
is high and the color of nuclei is dark blue. In other words,
these standard images can show high contrast and can be
used to categorize the various tissue types.We then normalize
the input (or source) image to the color distribution of target
images.

We transform the images from𝑅𝐺𝐵 color space into 𝐿𝑀𝑆
color space by the following equation:

[

[

𝐿

𝑀

𝑆

]

]

= [

[

0.3811 0.5783 0.0402

0.1967 0.7244 0.0782

0.0241 0.1288 0.8444

]

]

[

[

𝑅

𝐺

𝐵

]

]

. (1)

Because the data in this color space are oftenquite skewed,
Reinhard et al. reduced skew error by converting the data to
a logarithmic space by using (2):

𝐿


= log 𝐿, 𝑀


= log𝑀, 𝑆


= log 𝑆. (2)

Moreover, Ruderman et al. [10] suggested a transforma-
tion from 𝐿



𝑀


𝑆
 to 𝑙𝛼𝛽 through (3). It is because 𝑙𝛼𝛽 are

the three orthogonal axes decomposed from 𝐿𝑀𝑆 by using
principle component analysis into the three most maximal
directions (𝑙𝛼𝛽) decorrelating the 𝐿𝑀𝑆 axes. In the exper-
iments, the resulting color distribution of different tissues is
more widely separated in 𝑙𝛼𝛽 color space than in the original
𝑅𝐺𝐵 color space:

[

[

𝑙

𝛼

𝛽

]

]
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[
[
[
[
[
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0
1
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]

]

[

[

𝐿


𝑀
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]

]

. (3)

We then calculate the mean and the standard deviation
values of 𝑙, 𝛼 and 𝛽 for all target images and obtain the
averaged mean and averaged standard deviation which are
denoted as 𝜇𝑙

𝑡
, 𝜇𝛼
𝑡
, and 𝜇𝛽

𝑡
, and 𝜎𝑙

𝑡
, 𝜎𝛼
𝑡
, and 𝜎𝛽

𝑡
, respectively.

These average mean and standard deviation values are calcu-
lated once and then used for the normalization of every input
image. For each input image, we have to calculate the mean
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(a) (b)

(c) (d)

Figure 3: Color segmentation for Figure 2(a) (part 1). (a) The hue component of Figure 2(b); (b) the Otsu thresholding result of (a); (c)
overlap the G channel to the white areas of (b); (d) the result of segmentation on (c), where white areas represent empty background and
black areas represent tissue foreground.

and standard deviation values denoted as 𝜇𝑙
𝑠
, 𝜇𝛼
𝑠
, and 𝜇𝛽

𝑠
, and

𝜎
𝑙

𝑠
, 𝜎𝛼
𝑠
, 𝜎𝛽
𝑠
, respectively.

The normalization of an input image is performed by
calculating the new color values 𝑙, 𝛼 and 𝛽 for each pixel
by the following equations:

𝑙
∗

= 𝑙 − 𝜇
𝑙

𝑠
, 𝛼

∗
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(4)

Finally, we transform the resulting image in 𝑙𝛼𝛽 color
space back to 𝑅𝐺𝐵 color space by using (5):

[
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(5)

Figures 2(b) and 2(d) show the normalization results of
Figures 2(a) and 2(c), respectively. The color distributions of
the normalized images are comparable to those of the target
images. All input images from different batches of specimens
can be processed by this procedure for color normalization.

3.2. HSI Model Transformation and Three-Stepped Color Seg-
mentation. Before color segmentation,we transform the nor-
malized image into the 𝐻𝑆𝐼 color space by using (6) [11, 12].
Currently, the pink part and major part of the purple areas in
the normalized image are lower in hue value, and the back-
ground and some small parts of the purple areas in the nor-
malized image have higher hue values. Figure 3(a) shows the
hue component of Figure 2(b):

𝐻 = {

𝜃 if 𝐵 ≤ 𝐺
360 − 𝜃 if 𝐵 > 𝐺,

𝜃 = cos−1
{

{

{

(1/2) [(𝑅 − 𝐺) + (𝑅 − 𝐵)]

[(𝑅 − 𝐺)
2

+ (𝑅 − 𝐵) (𝐺 − 𝐵)]
1/2

}

}

}

.

(6)

Based on the hue distribution, we apply the automatic
thresholding method proposed by Otsu [13] to obtain the
first binary image as shown in Figure 3(b), which is rough-
ly divided into foreground and background. In Otsu’s
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Figure 4: Color segmentation for Figure 2(a) (part 2). (a) Blue is the empty background and the other hue component areas are tissue
foreground; (b) the segmented result, where blue represents background, white represents abnormal tissue, and black represents normal
tissue; (c) rank filtering result; (d) boundaries of abnormal tissue regions mapped onto the normalized image.

thresholding, the optimal threshold 𝑘∗, which separates two
classes, is obtained by using optimization:

arg max
𝑘
∗

{𝜎
2

𝐵
(𝑘) , 0 ≤ 𝑘 ≤ 255} , (7)

where 𝜎2
𝐵
= 𝜔
0
𝜔
1
(𝜇
0
− 𝜇
1
)
2 is the interclass variance and

𝑤
0
, 𝑤
1
, 𝜇
0
, and 𝜇

1
are the probabilities of class occurrences

and the mean levels of the two classes, respectively.The black
areas represent the pink andmost of the purple tissue areas as
the foreground and the white areas cover some small parts of
the purple tissue areas and the empty background. In other
words, some purple areas may be faultily classified into the
background. To make the foreground include all the purple
tissues, we have to extract the remaining purple part from
the background areas. The obtained background areas are
used as the mask to map onto the G channel of normalized
image, which is shown in Figure 3(c), and the second Otsu
thresholding on the G channel is then applied to obtain
the remaining purple areas. We then get the second binary
image as in Figure 3(d), where the white area represents the
real background and the black area represents the complete
foreground of pink and purple tissue areas.

After obtaining the foreground, we then have to sepa-
rate the abnormal tissue from the normal tissue areas. In
Figure 4(a), we label the background areas obtained in the
previous step in blue and overlap onto the original hue

component image in Figure 3(a). As mentioned before, the
normal tissue areas show lower hue values and the abnormal
areas have higher hue, so we can use the Otsu thresholding
again to divide these two areas. The segmented result is
shown in Figure 4(b), where the blue areas represent the
background, the black areas represent the normal tissues,
and the white areas represent the abnormal tissues. As the
segmentation results are fragmented in the boundaries, we
apply the rank filter to remove fragmented regions. We
calculate the pixel numbers of each color in Figure 4(b) with
a 9 × 9 mask and then assign the color with the highest
count to the central pixel of mask; the result is shown in
Figure 4(c). Figure 4(d) shows the boundaries of abnormal
tissues mapped onto the normalized image.

3.3. Active Double Thresholding and Nuclei Classification.
Another characteristic to evaluate the level of pathological
change is the ratio of round nuclei which belongs to the
abnormal cells.We can use this ratio, instead of the area ratio,
to characterize tissue condition when the staining colors are
faded or if specimens are degraded after a long preservation
time.

After color normalization, we find that the R channel
of the normalized image is more suitable for nuclei seg-
mentation due to its high contrast of nuclei as in Figure 5(a).
(In this section, we demonstrate the procedures of nuclei
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Figure 5: Nuclei classification for Figure 2(d). (a) The R channel of Figure 2(d); (b) the result after double thresholding; (c) the classification
result, where red represents the normal nuclei and green represents the abnormal nuclei; (d) overlap the nucleus edges onto the original
image.

classification with another normalized image shown in
Figure 2(d).) Therefore, we use the double thresholding
scheme [14] to segment the nucleus areas. The intensity of
nuclei is nearly the darkest of the whole R channel image.
As the intensity distributions of images are different, we thus
apply an active thresholding scheme to satisfy all images.
First, for each input R channel image, we take the average of
the ten lowest intensity values as the lowest intensity value
of the image. Second, we add two empirical values 30 and
45 to this lowest value and use them as the two values for
double thresholding.The lower threshold value is used as the
seed and the higher threshold value is the restriction of region
growing. After we apply the double thresholding scheme, the
white areas of the resulting image represent the segmentation
of nuclei and the segmentation result of nuclei is shown in
Figure 5(b).

Now we can classify the segmented nuclei into three
categories according to their shapes. The normal nuclei are
usually long and rod-like, and the abnormal nuclei are usually
round in shape. However, the connected area with multinu-
clei, which is regarded as the third category, is irregular in
shape and classified as abnormal because only the abnormal
nuclei will grow and connect each other into a cluster.

To classify these nuclei, we then calculate the area size,
the circularity index, and the maximum and the minimum
distances between the centroid and boundary points for each
nucleus area. We then classify the nucleus as normal and

rod-like if the circularity index is less than 0.95, the ratio of
maximum to minimum distance is greater than 3, and the
area is less than 2,000 pixels. All other areas are then classified
as abnormal nuclei. In addition, we also define the area as a
single abnormal round nucleus if the area is less than 2,000
pixels.

After defining all the single abnormal round nuclei, we
then calculate the average area of these nuclei. The average
area is then used to calculate how many nuclei are in a con-
nected multinuclei area. Figure 5(c) shows the classification
results where red presents the normal nuclei, green presents
the abnormal nuclei.The nucleus edges were overlapped onto
the original image as shown in Figure 5(d).

4. Results and Discussion

4.1. Specimen Preparation. In this study, we collected abnor-
mal and normal specimens from trigger finger patients and
nondiseased cadavers, respectively. All the specimens used
in the experiments were graded into four severity stages as
H (High), M (Middle), L (Low), and N (Normal) in trigger
finger disease by the pathologist (Dr. Hsiao-Bai Yang). The
numbers of collected specimens were 10 with H stage, 10 with
M stage, 6 with L stage, and 3 with N stage, respectively (29
specimens in total). From each specimen, 49 images in the
size of 2560 × 1920 were acquired by using our previously
developed autofocusing system [15]. As some of the 49 images
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Table 1: The size ratio of abnormal tissue regions (parameter 1).

Specimen no. Normal (pixel2) Abnormal (pixel2) Ratio
H-1 31791895 12495997 0.282
H-2 30894213 10986876 0.262
H-3 31869804 11038359 0.257
H-4 32511973 11026116 0.253
H-5 33797170 10267132 0.233
H-6 31635397 11474053 0.266
H-7 31451368 11224479 0.263
H-8 32950410 11695269 0.262
H-9 34067450 10887277 0.242
H-10 27747278 10290969 0.271
Mean ± SD 0.259 ± 0.014

M-1 35698059 7946874 0.182
M-2 34326147 8515580 0.199
M-3 35324719 8461582 0.193
M-4 33284256 7671304 0.187
M-5 34422738 9418395 0.215
M-6 34315916 9170559 0.211
M-7 33027627 9072248 0.215
M-8 34051300 7529957 0.181
M-9 35167293 8706583 0.198
M-10 32745438 8083811 0.198
Mean ± SD 0.198 ± 0.013

L-1 40491940 5972857 0.129
L-2 43877544 2773360 0.059
L-3 36923582 6077911 0.141
L-4 37539086 4417329 0.105
L-5 34975123 7460192 0.176
L-6 36623101 5244448 0.125
Mean ± SD 0.123 ± 0.039

N-1 40904631 5482052 0.118
N-2 32792539 3323970 0.092
N-3 32724101 4340358 0.117
Mean ± SD 0.109 ± 0.054

contained a large area of background and irrelevant tissues
(e.g., microvasculature), such images provided less image
evidence of pulley tissues and were not suitable for evaluating
the proposed pathological parameters. Consequently, the
same pathologist of our research group was asked to exclude
the unsuitable images based on her expertise on tissue
pathology. Then, a random selection process was performed
to acquire 10 images from the remaining images for the
subsequent quantitative analysis.

4.2. Pathological Indices. The proposed microscopic image
analysis system was designed to obtain two pathological pa-
rameters. The size ratio of abnormal tissue regions is pa-
rameter 1 which can be calculated by using (8). In (8), the
area of normal tissue regions represents the sum of pink
(or blue for abnormal) areas from the 10 selected images
of each specimen. Table 1 presents the resulting parameter
1 s for different specimens obtained by using the proposed
color segmentation procedure.Thenumber ratio of abnormal

Table 2: The number ratio of abnormal nuclei (parameter 2).

Specimen no. Normal Abnormal Ratio
H-1 271 660 0.709
H-2 481 1088 0.693
H-3 244 529 0.684
H-4 117 385 0.767
H-5 289 1098 0.792
H-6 721 1653 0.696
H-7 292 655 0.692
H-8 165 817 0.832
H-9 446 1013 0.694
H-10 59 151 0.719
Mean ± SD 0.728 ± 0.051

M-1 382 687 0.643
M-2 318 591 0.650
M-3 192 360 0.652
M-4 131 187 0.588
M-5 308 652 0.679
M-6 173 343 0.665
M-7 335 456 0.576
M-8 726 1311 0.644
M-9 382 647 0.629
M-10 379 795 0.677
Mean ± SD 0.640 ± 0.034

L-1 824 771 0.483
L-2 1080 1210 0.528
L-3 520 636 0.550
L-4 404 477 0.541
L-5 862 1165 0.575
L-6 123 259 0.678
Mean ± SD 0.559 ± 0.066

N-1 473 247 0.343
N-2 310 205 0.398
N-3 292 308 0.513
Mean ± SD 0.418 ± 0.074

nuclei is parameter 2 and can be calculated by using (9).
In (9), the number of normal (or abnormal) nuclei is the
total number of normal (or abnormal) nuclei obtained from
the 10 selected images of each specimen by using the rule-
based classifier. Table 2 shows the resulting parameter 2 s for
different specimens:

The size ratio of abnormal tissue regions

=
Area of abnormal tissue regions

Area of abnormal tissue regions + Area of normal tissue regions
(8)

The number ratio of abnormal nuclei

=
Number of abnormal nuclei

Number of abnormal nuclei + Number of normal nuclei
.

(9)

Based on the pathological staging, the resulting pa-
rameters in Table 1 show clear deviations among the three
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Table 3: 𝑃 values between different serious stages.

Group pair Parameter 1 Parameter 2
High versus middle 0.000 0.000
Middle versus low 0.004 0.028

(H,M, andL) stages.There are significant differences between
the mean values of adjacent stages. Using the average of
two mean values for two adjacent stages, we can obtain two
threshold values to perform simple discrimination between
the three severity stages. Consequently, there are no errors
in H and M stages and only one misclassification from L to
M stage from all the collected specimens of our experiments.
In Table 2, the number ratio of abnormal nuclei also shows
similar characteristics with good deviations among the three
stages. Simple discrimination among the three severity stages
is performed the same way as in Table 1. There are no
classification errors in the H stage, 2 misclassifications from
M to L stage, and 1 misclassification from L to M stage.
However, the three misclassifications with parameter 2 have
no intersections with the one with parameter 1. This implies
that the discrimination between three severity stages can
be correctly performed with the weighted combination of
parameters 1 and 2. Since we only have a limited number
of specimens presently, a more complicated classification
mechanism is left for research withmore sufficient specimens
in the future. The pathological parameters of N stage are
measured with only 3 specimens and also presented in
Tables 1 and 2. The mean values of the two parameters are
all smaller than the ones of L stage. Because stages L and
N are less severe, the resulting measurements reflect the
clinical expectation. Figures 6 and 7 show the boxplots [16]
for the three severity stages with parameter 1 and parameter
2, respectively. For each box in the figure, the central mark is
themedian, the edges of box are the 25th and 75th percentiles,
the whiskers extend to the most extreme data points, and
outliers are plotted individually. The boxplots also reflect the
clustering ability of the two parameters similar to the above-
mentioned simple discrimination examples.

In addition, statistical analysis was performed by Stu-
dent’s 𝑡-test and the 𝑃 values between different severity stages
were calculated (as shown in Table 3). If the 𝑃 value is less
than 0.05, the two groups are considered to have significant
differences and can be easily divided. For parameter 1, the
𝑃 values for group pairs H versus M and M versus L are
0.000 and 0.004, respectively. For parameter 2, the 𝑃 values
for group pairs H versus M and M versus L are 0.000
and 0.028, respectively. As all statistical tests are significant
(less than 0.05), it is suggested that both parameters can be
used as pathological indices for grading the severity stages
effectively.

4.3. System Performance

4.3.1. Parameter Setting. The values of the system parameters
used in active double thresholding (in Section 3.3) could
be a factor influencing the stability of automated image
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Figure 6: Boxplot for the three severity stages with parameter 1.
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Figure 7: Boxplot for the three severity stages with parameter 2.

analysis. Thus, we employed the color normalization step to
effectively reduce the influences caused by different imaging
and staining conditions. After color normalization, the sys-
tem parameters can be determined based on the intensity
contrast between pulley tissue and surrounding regions on
the normalized images. When applying the same parameter
values throughout the entire experiment with 290 images, the
proposed system was capable of achieving accurate measure-
ment results.

On the other hand, the system parameters used in nuclei
classification were determined and tuned by the pathologists
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based on their pathological knowledge and clinical experi-
ences. Our experimental results showed that the system is
capable of making correct discriminations between the dis-
ease stages based on the ratio of abnormal nuclei by using the
same set of system parameters. All the 290 images from the
29 specimens were analyzed consistently. If some more com-
plicated parameters are designed for tissue measurement in
the future, more complex classifiers can be helpful to deter-
mine these system parameters.

4.3.2. Computational Time. The system was developed on an
Intel Core i5 2.8GHz PC with 3.5 GB memory. For an image
of 2560 × 1920 pixels, the average computational time of color
normalization, color segmentation, and nuclei classification
was approximately 5, 12, and 10 seconds, respectively.

5. Conclusions

In this paper, we have developed an automatic image analysis
system to evaluate the severity of trigger finger disease from
the microscopic pulley images. Two pathological parameters
are designed and can be computed automatically and effi-
ciently.The quantitativemeasurements are stable andwithout
intra- and interoperator variability of manual measurements.
Twenty-nine pulley specimens are evaluated with the same
image analysis setting in the experiments. The experimental
results show that the twoparametermeasures have gooddevi-
ations among the three pathological stages and can be used
to discriminate the severity stages with simple discrimination
mechanism.Thus, the proposed image analysis system clearly
provides an efficient and reliable way inmeasuring the patho-
logical progression of trigger finger disease. The quantitative
parameters are objective and can also be extended for other
kinds of pathological specimens. In the future, we will recruit
more cases in the validation of trigger finger disease and also
explore new opportunities for other clinic applications.
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Differentiating lymphomas and glioblastomas is important for proper treatment planning. A number of works have been proposed
but there are still some problems. For example, many works depend on thresholding a single feature value, which is susceptible
to noise. In other cases, experienced observers are required to extract the feature values or to provide some interactions with the
system. Even if experts are involved, interobserver variance becomes another problem. In addition, most of the works use only one
or a few slice(s) because 3D tumor segmentation is time consuming. In this paper, we propose a tumor classification system that
analyzes the luminance distribution of the whole tumor region. Typical cases are classified by the luminance range thresholding
and the apparent diffusion coefficients (ADC) thresholding. Nontypical cases are classified by a support vector machine (SVM).
Most of the processing elements are semiautomatic. Therefore, even novice users can use the system easily and get the same results
as experts. The experiments were conducted using 40 MRI datasets. The classification accuracy of the proposed method was 91.1%
without the ADC thresholding and 95.4% with the ADC thresholding. On the other hand, the baseline method, the conventional
ADC thresholding, yielded only 67.5% accuracy.

1. Introduction

The purpose of this study is to present an objective and
accurate tumor classification system that considers the lumi-
nance distribution of the whole 3D tumor region. Dif-
ferentiating lymphomas and glioblastoma by noninvasive
ways is an important problem because they require different
chemotherapy regimens. For example, if the tumor is highly
suspected to be lymphomas, stereotactic biopsy is usually
recommended to confirm the diagnosis. If the tumor is highly
suspected to be glioblastoma, craniotomy would be chosen.
Chemotherapy regimens are different for the two tumors, as
well.

Therefore, a number of works have been proposed. For
instance, Toh et al. [1] proposed the ADC thresholding and
the ADC ratio thresholding. The distribution of the ADC

values was also discussed in [2]. Makino et al. [3] proposed
standard uptake value (SUV) thresholding. In [4], a relative
regional cerebral blood volume ratio was proposed. Calli
et al. [5], on the other hand, used perfusion and diffusion
MR imaging and introduced four parameters to differentiate
the tumors. In [6], histogram analysis of the normalized
cerebral blood volume in enhancing and perienhancing
lesions was presented. Note that [1–6] do not include any
image processing. Certain feature values are extracted from
input MRIs by hand by experts [1–5] or regions of interest
were specified by experts to generate the histograms [6].
Tumors were simply classified by thresholding using prede-
fined static threshold values in [1–6]. An image-processing-
based system can be found in [7]. In [7], texture analysis using
Gaborwavelet coefficient thresholdingwas proposed, but this
technique also relied on simple thresholding. Thresholding
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Figure 6: (a) Distribution of the luminance range values. (b) Classification performance when range thresholding is used. In the
sensitivity/specifity calculation, lymphomas were considered as “positive” and glioblastomas were considered as “negative.”

feature values is sensitive to noise. It is very easy to find
exceptional cases for such simple thresholding. In addition,
extracting parameters subjectively by the observers induces
an interobserver variance problem. For instance, the ADC
values extracted by experts differ fromobservers to observers.
From this point of view, even the learning-based approaches
which employ a lot of subjective parameters such as [8] would
not become a solution to the aforementioned thresholding-
based approaches. In addition, the analysis is done by using
only a single or a few slices of theMRIs in most cases because
segmenting the whole tumor region needs labor-intensive
user interactions and takes a lot of time. For more robust
and accurate tumor classification, analysis of thewhole tumor
region would be desired. For this purpose, we proposed a
system that employed luminance distribution learning using

the whole tumor region [9]. In the system, the classification
accuracy was up to 87%.

Themethod proposed in this work is (1) objective because
the input from users is as small as possible, (2) accurate by
the combination of the luminance distribution analysis of
the whole tumor region and the two thresholding methods,
and (3) semiautomatic facilitating novice users to use the
system easily. The 3D tumor segmentation and its luminance
distribution analysis within a reasonable processing time
have been made possible by our previous fast segmentation
algorithm [10]. As a result, even novice users can classify the
tumors accurately.

The system without the ADC thresholding is free
of interobserver variances and achieves 91.1% accuracy.
When the subjectively measured ADC value is included,
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Figure 7: Classification performance of the proposed method and the two thresholding-based methods: (a) accuracy, (b) sensitivity, and
(c) specifity.

the classification accuracy can be improved up to 95.4%.
The main concept of our proposed algorithm has already
been presented in [11]. In this paper, more detailed analysis
and comparison are conducted to show the validity of the
proposed method.

The rest of this paper is organized as follows. In Section 2,
the proposed algorithm is described in detail. The experi-
mental results are demonstrated in Section 3, followed by
concluding remarks in Section 4.

2. Proposed Algorithm

It is often reported that the morphological appearance of the
tumor does not allow direct judgments. However, it is also

often observed that the lymphomas tend to have flatter and
lower luminance as compared to glioblastomas and glioblas-
tomas are brighter on the edge and darker in the center [6].
Therefore, glioblastomas have wider dynamic range in their
luminance value. We use these different characteristics in
two ways: one for thresholding using the luminance dynamic
range and the other for the luminance distribution learning
using SVM.

The flow chart of the proposed algorithm is shown in
Figure 1. Firstly, the tumor region is segmented by using our
fast 3D segmentation algorithm [10].The required interaction
is only tumor/nontumor seed setting, which does not require
any expert knowledge. The processing time is about a few
tens of seconds. Though the fast 3D tumor segmentation is
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Figure 8: Classification performance comparison between the subsets of the proposed system: (a) accuracy, (b) sensitivity, and (c) specifity.

not the scope of this paper, we would like to emphasize that
the system was made reasonable because of the quick seg-
mentation. In this stage, moderately accurate segmentation
is enough because the segmentation results are used only
for generating the luminance histograms, not for treatment
design.

Then, the normalized histogram of the luminance of the
tumor is generated automatically using the whole tumor
region. In this paper, the voxel value range was quantized
from 12 bits (4,096 levels) to 8 bits (256 levels) to make the
histograms less sparse. By using the generated luminance
histogram, the luminance rangewhose normalized frequency
is larger than a predefined threshold (0.002 in our study) is
detected.

At the same time, if experts are available, the averageADC
value is measured.The region of interest (ROI), whose area is
set about 50mm2, is decided by the experts. This ADC value
measurement is optional.

According to [1], the ADC values tend to be smaller
for lymphomas and large for glioblastomas. In the same
manner, we found in our investigation that the luminance
ranges are narrower for lymphomas and wider for glioblas-
tomas. Although there are many exceptions as shown in
our experiments, the tumors with very low ADC value
can be regarded as lymphomas and those with very high
ADC value can be regarded as glioblastomas. Therefore,
we separate the typical cases and nontypical cases by using
both the ADC value and the luminance range. Namely, we
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extract the four threshold values from the training data: the
maximum ADC value and the maximum luminance range
of the lymphomas (THADC lym max and THrange lym max), and
theminimumADCvalue and theminimum luminance range
of the glioblastomas (THADC gli min andTHrange gli min).There
are two cases to consider.

(1) THADC gli min≤THADC lym max or THrange gli min≤
THrange lym max (Figure 2(a)).

If the ADC value is smaller than THADC gli min or the
luminance range is narrower than THrange gli min, the tumor
is regarded as a typical lymphoma. On the other hand, if the
ADC value is larger than THADC lym max or the luminance
range is wider than THrange lym max, the tumor is regarded as
a typical glioblastoma. Otherwise, the tumor is regarded as a
nontypical case and classified by SVM,which is trained by the
luminance histograms in the training dataset.

(2) THADC gli min > THADC lym max and THrange gli min >
THrange lym max (Figure 2(b)).

If the ADC value is smaller than THADC lym max or the
luminance range is narrower than THrange lym max, the
tumor is regarded as a typical lymphoma. On the other
hand, if the ADC value is larger than THADC gli min or
the luminance range is wider than THrange gli min, the
tumor is regarded as a typical glioblastoma. Those between
THADC gli min and THADC lym max and between THrange gli min
and THrange lym max are regarded as nontypical (unknown)

cases and classified by SVM. This case rarely happens when
the number of training data is large enough.

Note that the thresholding is used to extract typical
cases. Therefore, the problem of thresholding-based method
pointed out in Section 1 does not arise in this case. In addition,
the four threshold values are decided automatically from
the training dataset. Preliminary experiments to set proper
threshold values are not needed.

The advantage of the proposed system is that the ADC
measurement can be omitted if experienced observers are
not available. In this case, the required interaction from the
users is only seed setting for the segmentation.The histogram
generation, range thresholding, and classification using SVM
can be done automatically. Therefore, anyone can reproduce
the same results. Though a histogram-based approach was
proposed in [6], the histograms were generated only from
ROIs specified by the observers, not from the whole tumor
region. And the classification was still based on thresholding
a single parameter that was extracted from the histograms.

3. Experimental Results

3.1. Experimental Setup. We retrospectively reviewed theMR
images of 40 patients with histologically proved glioblas-
tomas (𝑛 = 20) and lymphomas (𝑛 = 20). All tumors
were pathologically proved. The resolutions of structural
MRIs and ADC maps were 256 × 256 × 160 and 128 ×
128 × 22, respectively. There were 22 male and 18 female
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Figure 10: Classification performance as a function of the luminance range threshold: (a) accuracy, (b) sensitivity, and (c) specifity.

patients, and their ages ranged from 12 to 91 years, with a
mean of 65 years and a median of 69 years. Typical and
nontypical cases are included in the dataset. The number of
typical/nontypical cases is not listed here because it is hard
to define typicalness/nontypicalness. Some example images
are shown in Figure 3. As shown in the figure, some of the
lymphomas and glioblastomas look very similar to each other
andhard to differentiate just by looking at theMRIs.TheADC
values were measured by a neuroradiologist with 19 years’
experience (T. Hirai). A linear kernel [12] was used if not
mentioned otherwise.

In Figure 4, typical and nontypical cases of lymphoma
and glioblastoma and their luminance histograms are shown.
As discussed in Section 3, the luminance histograms of
lymphoma tend to have narrower luminance range and those
of glioblastomas tend to have wider luminance range.

3.2. Classification Performance of Conventional Single Value
Thresholding. Figure 5 demonstrates the distribution of the
ADC values of lymphomas and glioblastomas (Figure 5(a))
and the differentiation performance as a function of the
threshold value (Figure 5(b)). It is observed that the ADC
values of the lymphoma and those of the glioblastomas

overlap each other and therefore the ADC thresholding [1]
does not work well. The best accuracy was only 67.5% when
the threshold was 0.8–1.0 × 10−3mm2/s, which is slightly
better than the chance level (50%).

The distribution of the luminance range values and
classification accuracy by simple thresholding are shown in
Figure 6. It is shown that the luminance range thresholding
can classify lymphomas and glioblastomas better than the
ADC thresholding [1]. The best classification accuracy is
82.5%. However, this is the result of fine tuning of the two
parameters: the threshold value for the range extraction
and the threshold value for classification (luminance range
thresholding). The classification performance is sensitive to
these threshold values and therefore this approach is not
practical.

3.3. Classification Performance of Our Proposed Algorithm. In
the experiments in this subsection, 𝑘(𝑘 = 1–19) samples per
class were randomly selected for the training and the rest were
used for the testing.Thehistograms of the typical tumorswere
also included in the training. This procedure was repeated
1,000 times and the average performance is presented. This
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Figure 11: Performance comparison between four kernels: (a) accuracy, (b) sensitivity, and (c) specifity.

random-sampling-based evaluation was employed because
the threshold values depend on the training samples.

The classification performance of our proposed method
is shown in Figure 7 and it is compared with those by näıve
ADC thresholding and luminance range thresholding. When
the luminance distribution learning using SVM is not used,
nontypical (or unknown) cases cannot be handled.Therefore,
the threshold values for the ADC thresholding (THADC)
and the luminance range thresholding (THrange) were set as
follows:

THADC =
THADC gli min + THADC lym max

2
,

THrange =
THrange gli min + THrange lym max

2
.

(1)

It is observed that the classification accuracy of the ADC
thresholding is up to 66% and that of the luminance range
thresholding is 72%–76%. On the other hand, the proposed
method achieves 95.4% when 𝑘 = 19. Besides, our proposed
method outperforms the other two methods when 𝑘 is equal
to or larger than 5.

Figure 8 shows the classification performance when the
subset of our proposed method is used. It is interesting
to note that even the SVM-only approach (i.e., only the
SVM trained with the luminance histograms was used) can
achieve 83.3% accuracy when 𝑘 = 19. This is significantly
better than the ADC thresholding [1]. The luminance range
thresholding + SVM method yields 91.1% accuracy. Since
this method does not require any experiences or knowledge
of the tumors, no interobserver variance exists and even
novice users can get the same performance. It is also observed
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that the luminance range thresholding outperforms the other
approaches when the training samples are less. The best
performance (95.4%) was achieved when all the features are
used. Namely, the typical cases were classified by using both
the ADC thresholding and the luminance range thresholding
and the nontypical cases were classified by the SVM using
the luminance histogram. The performance of the ADC
thresholding + SVM [9] was 87.1%.

The example images which were misclassified are shown
in Figure 9. The neuroradiologist could not classify them
correctly just by looking at the images and ADC values.
Therefore, these mistakes are reasonable and show the lim-
itation of our proposed method.

The dependence on the luminance range threshold is
demonstrated in Figure 10. The best classification perfor-
mance is observed at th = 0.002. As the threshold value
shifts from its optimal value, the classification performance
is degraded gradually. However, the classification accuracy is
over 90% even when th = 0.001 or th = 0.003, showing the
robustness of the proposed method.

It is well known that SVMs using a Chi-square kernel
or histogram intersection kernel work better than Gaussian
or linear kernel when the feature vector is histogram based.
Therefore, the four kernels are compared in Figure 11. In our
framework, the linear kernel was the best. It should also be
noted that the linear kernel was the fastest in training.

4. Conclusions

Luminance distribution analysis using the whole tumor
region has been developed for differentiating lymphomas
and glioblastomas. The typical tumors were classified by
the luminance range thresholding. And the nontypical cases
were learned and classified by SVM using the luminance
histogram. Since subjective measurement of the parameters
was not needed, the system was easy to use even for novice
users and there was no interobserver variance. The combi-
nation of the luminance range thresholding and the SVM-
based classification achieved 91.1% accuracy. Besides, when
the ADC value measured by an expert was added in the
thresholding, the accuracy was improved up to 95.4%.
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Minimum description length (MDL) based group-wise registration was a state-of-the-art method to determine the corresponding
points of 3D shapes for the construction of statistical shape models (SSMs). However, it suffered from the problem that determined
corresponding points did not uniformly spread on original shapes, since corresponding pointswere obtained by uniformly sampling
the aligned shape on the parameterized space of unit sphere. We proposed a particle-system based method to obtain adaptive
sampling positions on the unit sphere to resolve this problem. Here, a set of particles was placed on the unit sphere to construct a
particle system whose energy was related to the distortions of parameterized meshes. By minimizing this energy, each particle was
moved on the unit sphere. When the system became steady, particles were treated as vertices to build a spherical mesh, which was
then relaxed to slightly adjust vertices to obtain optimal sampling-positions. We used 47 cases of (left and right) lungs and 50 cases
of livers, (left and right) kidneys, and spleens for evaluations. Experiments showed that the proposed method was able to resolve
the problem of the original MDL method, and the proposed method performed better in the generalization and specificity tests.

1. Introduction

Statistical shapemodels (SSMs) are an efficientmethodwhich
considers statistical information of a set of training shapes
to improve the robustness of medical image processing algo-
rithms. It has been widely used in the task of segmentation
and achieved good results [1]. It is reported that the best
three ranked segmentation algorithms on livers are based
on SSMs in the contest held in 2007 [2]. According to our
knowledge, several SSMs have been proposed, which are
point distribution models (PDMs) [3], m-rep [4], SPHARMs
[5, 6], and so on. We focus on PDMs in this paper since it is
the most widely used SSMs.

The main problem of the construction of SSMs is how to
determine corresponding points on each shape. For simple
2D shapes, that is, faces, corresponding points can be deter-
mined manually by placing a set of landmarks on shapes;

however obvious disadvantages are both large manual labors
and the inevitably subjects’ bias. Especially for complex 3D
shapes of clinical data, manual determination of hundreds
or thousands of landmarks is not practical. Therefore, lots
of researches have focused on automatic ways to find corre-
sponding points [1].The determination of shapes’ correspon-
dence can be generalized as a shape registration problem.
A group-wise based method is proposed to align a group
of shapes according to an information-based theory, called
minimal description length (MDL) [7], in order to get the
simplest description of constructed SSMs [8]. It is reported
that the MDL based method is the state-of-the-art method
according to exhaustive evaluations [9]. At first, the MDL
method can only find the corresponding points of 2D shapes
[8, 10, 11]. Recently, it is generalized to deal with the problems
of 3D shapes [12–14]. We follow the pilot study [12], since the
open source codes helped us to understand its essence [15].
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In the following context, we call the pilot study [12] the orig-
inal MDL method.

The originalMDLmethod can be divided into three steps.
First, each original surface mesh of genus-0 topology is ini-
tially mapped onto a parameter space of a unit sphere by a
conformal mapping [16]. Each vertex of an original surface
mesh is transformed onto the unit sphere, and a new spherical
mesh built by transformed vertices according to their original
linked relationships is called a parameterized mesh in this
paper. Second, these parameterized meshes are aligned by
manipulating their vertices simultaneously on the unit sphere
in order to minimize the MDL measure. Finally, each of the
aligned parameterized meshes is sampled by a set of uni-
formly distributed points on the unit sphere, and the sampled
points are mapped back by the corresponding inverse con-
formal mapping onto each original shape surface to obtain
corresponding points. Mapping surfaces onto a unit sphere
makes shapes’ registration become easier, since the freedoms
of translation and scale can be eliminated and only the free-
doms of rotation and subjects’ differences are left. However,
the manipulation of parameterized meshes makes them to be
distorted duringMDL registration. Some triangles of param-
eterized meshes are shrunk while others are expanded. This
makes the predetermined conformal mapping become poor.
If uniformly distributed positions are sampled on the unit
sphere for each parameterized mesh, less sampling points are
obtained in the shrunk regions and more sampling points
are obtained in expanded regions.Therefore, this method has
suffered from the problem that determined corresponding
points are usually densely located in some parts and coarsely
in other parts on original surfaces.

This problem may be resolved by either redetermining a
new conformal mapping for each shape to replace the poor
one or finding adaptive sampling positions on the unit sphere
instead of the uniformly distributed samplingmethod. In this
paper, we use the latter method to resolve the problem of the
original MDL method. Here, we propose a method to obtain
adaptive sampling positions on the unit sphere by considering
distortions of parameterized meshes. The proposed method
is based on a particle system which is originally adopted for
modeling isosurfaces of shapes in [17].

2. Materials and Methods

The proposed particle-system based method is operated
when the originalMDL registration is finished.Therefore, the
proposed method can be seen as a postprocessing of the pilot
study [12]. The flowchart of the proposed method is given by
Figure 1. The input is a set of parameterized meshes aligned
by the original MDLmethod [12] on the unit sphere. Vertices
of thesemeshes are used to generate a probability distribution
to show the frequency of vertices existing at a position on
the unit sphere. This probability distribution can reflect how
parameterized meshes are distorted in the MDL registration.
Next, a set of particles are uniformly placed on the unit
sphere. A particle can be seen as a dot or a sampling position.
Each particle gives repulsive forces to push its surrounding
particles away from itself. The value of the force for a pair

Parameterized meshes

Estimation of probability distribution
for vertices of parameterized 

meshes on the unit sphere

Manipulation of particles on the 
unit sphere by minimizing the 
energy of the particle system

Optimal sampling positions

Spherical mesh construction 
and mesh relaxation

Original MDL method

Input

Output

Figure 1: The flowchart of the particle system based adaptive sam-
pling on spherical parameter space to improve the MDL method.
The main steps of the proposed method are surrounded by the dash
rectangle.

of particles is related to both of their distance and the
probability of vertices at which the particles are located.
An energy function can be calculated by adding the forces
of all particles. By minimizing this energy, particles are
manipulated on the unit sphere until the energy becomes
steady. The final particles are treated as vertices to build a
spherical mesh. Finally, this mesh is relaxed to slightly adjust
vertices’ positions on the spherical surface, and the optimal
sampling points are the vertices of the relaxed mesh. When
the proposedmethod is finished, each parameterized mesh is
sampled at these sampling points on the unit sphere, and then
the sampled points are transformed back to each surface of
organs by its corresponding inverse conformalmapping to get
corresponding points of each shape.The details are described
in the following subsections.

2.1. Probability Distribution for Vertices of Parameterized
Meshes. We adopt the probability distribution for vertices of
parameterized meshes located on the unit sphere to describe
how these parameterized meshes are distorted in the original
MDL registration. If triangles of parameterized meshes are
shrunk in a region, there will be more vertices in that part.
Therefore, vertices have a high probability to exist there.
Conversely, the probability is low in regions where triangles
are expanded. We adopt a parzen window [18] based method
to estimate this probability distribution. Given k

𝑖𝑗
denoted by

the 𝑗th vertex of the 𝑖th parameterized mesh, the probability
of vertices existing in a location x on the unit sphere 𝑝(x) can
be calculated by

𝑝 (x) = 𝛼∑
𝑖

∑

𝑗

𝜑 (

x − k
𝑖𝑗


) , (1)
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where 𝛼 is a coefficient to ensure ∫𝑝(x)𝑑x = 1 and ‖x − k
𝑖𝑗
‖

is the Euclidian distance of the two points x and k
𝑖𝑗
. 𝜑(𝑑) is a

trunked Gaussian kernel whose definition is given by

𝜑 (𝑑) =
1

√2𝜋𝜎

exp(− 𝑑
2

2𝜎2
) 𝑑 ≤ 3𝜎,

𝜑 (𝑑) = 0 𝑑 > 3𝜎,

(2)

where 𝜎 is set to be 0.033 in this paper.
In implementation, we discretize the unit sphere by a 5-

time recursively-refined icosahedron mesh which contains
10242 vertices uniformly distributed on the unit sphere. An
example of the estimated probability distribution is shown by
Figure 2.

2.2. Energy of the Particle-System. The energy of the particle-
system is defined by

𝐸 (x
1
, . . . , x

𝑁
) =

𝑁

∑

𝑖=1

∑

𝑖 ̸= 𝑗

𝜔 (x
𝑖
, x
𝑗
) ⋅ 𝐹 (x

𝑖
, x
𝑗
) , (3)

where x
1
, . . . , x

𝑁
are all 𝑁 particles and their energy is

denoted as 𝐸(x
1
, . . . , x

𝑁
). 𝐹(x
𝑖
, x
𝑗
) is the force term of 𝑖th and

𝑗th particles and 𝜔(x
𝑖
, x
𝑗
) is the weight associated for them.

We adopt the force term suggested in [17]. Its definition is
given by
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𝑖
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𝑗
) =
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{

cot(
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𝜋
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(4)

where ‖r
𝑖𝑗
‖ is the Euclidean distance of the pair of particles

which are x
𝑖
and x

𝑗
. 𝜎 is a parameter. Larger value of 𝜎

means that a particle has taken forces frommore surrounding
particles in a larger region, so more computation costs are
required. But the value should be large enough to make
particles move. In our system, we choose it to be 0.25 for
trade-offs between performances and computation costs.

It is important to design suitable weight terms 𝜔(x
𝑖
, x
𝑗
) to

make the particle system work properly. If all weight terms
are set to be equal, particles finally spread uniformly on the
unit sphere when the energy isminimized.Here, wemake use
of the estimated probability distribution of vertices to design
suitable weight terms in order to obtain the optimal sampling
positions which are adaptive to distortions of parameterized
meshes. The definition of the weight terms 𝜔(x

𝑖
, x
𝑗
) is given

by

𝜔 (x
𝑖
, x
𝑗
) =

𝐷 (x
𝑖
) + 𝐷 (x

𝑗
)

2
,
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𝑖
) =
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{

𝑎

(𝑝(x
𝑖
))
𝛾
, 𝑝 (x

𝑖
) > 𝑏,

𝑎

𝑏
, 𝑝 (x

𝑖
) ≤ 𝑏,

(5)

where x
𝑖
is the position on which the 𝑖th particle is located.

𝑝(x
𝑖
) is the estimated probability of vertices at the location

Figure 2: An example of the estimated probability distribution
for vertices of parameterized meshes on the unit sphere. The red
regions showwhere probabilities of vertices existing in those regions
are high, and the blue regions show where the probabilities of
vertices existing in those regions are low. The estimated probability
distribution is able to reflect how triangles of parameterized meshes
are distorted. For example, high probability (red color) means that
triangles in those regions are shrunk, and low probability (blue
color) means that triangles in those regions are expanded.

of x
𝑖
. 𝑎, 𝑏, 𝛾 are parameters whose values are set to be 1𝑒 − 5,

1𝑒 − 5 and 2.2, respectively in experiments.

2.3. Minimization of the Energy of the Particle-System. The
optimal positions of particles are obtained byminimizing the
energy defined in (3). This can be generalized as an opti-
mization problem. Considering the number of particles is
large, we adopt an iterative gradient descent based method to
make it converge faster to a local minimum. Here, we only
update one particle’s position along the opposite gradient
direction at one time, and this procedure is operated for each
particle in turns. One iteration is called when the iterative
updating for all particles is finished.The pseudocode is given
by Algorithm 1. Its initialization requires a set of uniformly-
distributed particles on the unit sphere (x0

𝑖
(𝑖 = 1, 2, . . . , 𝑁)),

the same maximal step length associated for each particle for
gradient descent (𝜆

𝑖
= 𝜆Max (𝑖 = 1, 2, . . . , 𝑁)), the minimal

step length (𝜆Min), and the total iteration times (𝑇).Whenwe
update the 𝑖th particle’s position in the 𝑡th iteration, we firstly
calculate a position y using the current step length 𝜆

𝑖
for the

𝑖th particle along the opposite gradient direction. By using
the condition of ‖y‖ = 1, we ensure that the new position
y is on the surface of unit sphere. Then, we calculate the new
energy𝐸new, by replacing x𝑡𝑖 with the newposition y. If𝐸new is
smaller than the former energy 𝐸old, we accept y as the new
position for the 𝑖th particle in the 𝑡th iteration, update 𝐸old
by 𝐸new and end the loop. If not, we halve the step length of
the 𝑖th particle and try a new position to see whether it can
minimize the energy. However, the step length should not be
smaller than 𝜆Min. In such a case, we give up updating the
position of the 𝑖th particle in the 𝑡-iteration and only let the
step length of the 𝑖th particle to be equal to 𝜆Min.



4 Computational and Mathematical Methods in Medicine

Initialization: x0
𝑖
(𝑖 = 1, 2, . . . 𝑁), 𝜆

𝑖
= 𝜆Max (𝑖 = 1, 2, . . . 𝑁), 𝜆Min, 𝑇.

𝐸old = 𝐸(x01, x
0

2
, . . . x0
𝑁
)

FOR 𝑡 = 0 → 𝑇 DO
FOR 𝑖 = 1 → 𝑁 DO

LOOP
y ← x𝑡

𝑖
− 𝜆
𝑖

𝜕𝐸

𝜕x
𝑖

y ← y
 = 1

𝐸new = 𝐸 (. . . , x𝑡𝑖−1, y, x
𝑡

𝑖+1
, . . .)

IF 𝐸new < 𝐸old THEN
x𝑡
𝑖
← y

𝐸old ← 𝐸new
BREAK LOOP

ELSE
𝜆
𝑖
← 𝜆
𝑖
/2

END IF
IF 𝜆
𝑖
< 𝜆Min THEN
𝜆
𝑖
← 𝜆Min

BREAK LOOP
END IF

END LOOP
END FOR

END FOR

Algorithm 1: An iterative gradient descent based method to minimize the energy of the particle system defined in (3).

In out experiments, we set the iteration times 𝑇 to be 15.
𝜆Max and 𝜆Min are determined as follows. Before Algorithm 1
begins, we randomly choose 10 percent of particles and
calculate the mean value of the norms (or lengths) of their
gradients. This mean value is denoted by 𝑔norm. 𝜆Max is set to
be 10.0/𝑔norm, and 𝜆Min is set to be 1𝑒 − 4/𝑔norm.

2.4. Construction of Sampling Mesh and Relaxation. When
the Algorithm 1 is finished, the obtained particles’ positions
are treated as vertices to be linked by Delaunay triangles
to build a spherical mesh. This mesh gives how sampling
points (particles) are linked with each other, and this linked
information is required in SSMs. Additionally, we require
this information to slightly adjust particles on the spherical
surface to obtain optimal sampling positions. According to
[19], Delaunay triangles of a surface can be obtained by
constructing convex hulls for a set of 3D points. Constructing
triangles directly by this way lead to a locally ununiform
mesh. This can be improved by the technique of mesh
relaxation, which slightly adjusts vertices’ positions according
to their linked information. Here, we adopt the method
suggested by [20] to optimize the constructed mesh. Finally,
the positions for the vertices of the relaxed mesh are the
optimal sampling positions on the unit sphere.

3. Results and Discussion

3.1. Data. We evaluate the proposed method by 6 kinds of
human organs, which are livers, left and right lungs, left and
right kidneys, and spleens. We collect 47 cases of lungs and
50 cases of other organs from different subjects by a practical
clinical protocol using high-resolution CT (HRCT) with

the slice thickness of 1mm and in-plane resolution around
0.6mm.The organs’ regions are manually labeled on original
scans and then resampled to be saved as binary masks with
the resolution of 1mm × 1mm × 1mm. Finally, marching
cubes followed by mesh decimation using the visualization
toolkit (VTK) [21] is adopted to get a triangles’ mesh for each
organ. The number of vertices for each mesh is related to
organ’s sizes. There are about 3000–5000 vertices for livers
and lungs and 1000–2000 vertices for kidneys and spleens.
These meshes are used as inputs for evaluations.

3.2. Optimal Sampling Positions Obtained by the Proposed
Method. Algorithm 1 requires a given number of uniformly
distributed points (particles) on the unit sphere for its
initialization. It looks like a strict and difficult condition;
however, we can obtain these points with any given number
if we make a little change on Algorithm 1 by setting the terms
of 𝜔(x

𝑖
, x
𝑗
) in (3) to be an equal value (i.e., 𝜔(x

𝑖
, x
𝑗
) = 1).

For example, we can get 1000 points uniformly distributed
on the unit sphere as follows. Here, we make use of a 4-
time iteratively refined icosahedron mesh which contains
2562 uniformly distributed vertices on the unit sphere. First,
we break the mesh and randomly select 1000 vertices as
initialized positions for particles. Then we set the terms
𝜔(x
𝑖
, x
𝑗
) to be 1 and run Algorithm 1. When the iterative

procedure is finished, we can obtain 1000 points uniformly
distributed on the unit sphere. This procedure is illustrated
by Figure 3. Actually other methods could also be used for
the initialization, such as random selection 1000 points on the
unit sphere.

The uniformly distributed points are treated as initial
positions for the particle system to get optimal sampling
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4-time refined
icosahedron mesh t = 0 t = 1 t = 5 Final

Figure 3: Example to obtain 1000 uniformly distributed points on the unit sphere by the iterative procedure of Algorithm 1. Here, we set the
term 𝜔(x

𝑖
, x
𝑗
) = 1 in (3). We randomly choose 1000 vertices of a 4-time iteratively refined icosahedronmesh as initial points (𝑡 = 0). Particles’

positions are given after the 1st (𝑡 = 1) and 5th (𝑡 = 5) iterations are finished. The final result is shown at last.

t = 0 t = 1 t = 2 t = 5 Final

Figure 4: Iterative procedure to manipulate 1000 particles on the unit sphere according to Algorithm 1, where the weight terms of 𝜔(x
𝑖
, x
𝑗
)

in (3) are set to be (5). The probability distribution for vertices of parameterized meshes is shown with colors on the unit sphere. Red parts
show where the probability is high, and blue parts show where the probability is low. The figure (𝑡 = 0) shows initialized particles which are
uniformly distributed on the unit sphere. Particles’ positions are shown after the 1st (𝑡 = 1), 2nd (𝑡 = 2), and 5th (𝑡 = 5) iterations are finished,
respectively. Final positions of particles are shown by the most right figure from which it can be seen that more particles are located in red
regions and less particles are located in blue regions.

Delaunay triangles mesh Mesh relaxation Optimal sampling positions

Figure 5: Results of constructed Delaunay triangles mesh, mesh relaxation, and the obtained 1000 optimal sampling positions on the unit
sphere.

positions. By setting the weight terms 𝜔(x
𝑖
, x
𝑗
) in (3) to be

(5), Algorithm 1 is able to make the final particles’ locations
to be adaptive to the probability of vertices of parameter-
ized meshes. Figure 4 gives examples to show the iterative
procedure to manipulate 1000 particles on the unit sphere
according to Algorithm 1.

When the iterative procedure is finished, the obtained
particles are treated as vertices to build a spherical mesh by
Delaunay triangles. The left figure in Figure 5 gives the con-
structedDelaunay trianglesmesh on the unit sphere. It can be

seen that triangles in local regions are not uniform.Themesh
is improved by mesh relaxation, shown in the middle figure
in Figure 5. The final optimal sampling positions overlaid on
the probability distribution of vertices are shown in the right
figure of Figure 5.

3.3. Corresponding Points and Evaluations on SSMs. We eval-
uate the performances of the proposedmethod and the origi-
nal MDLmethod by using six kinds of human organs. Exam-
ples of corresponding points determined by the twomethods
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(a) Corresponding points determined by the original MDL method

(b) Corresponding points determined by the proposed method

Figure 6: Corresponding points determined by the original MDL method [12] and the proposed method. The organs from left to right are
livers, right lungs, left lungs, right kidneys, left kidneys, and spleens. Red circles illustrate the regions where there are fewer corresponding
points.

are given by Figure 6. It can be seen that corresponding points
are gathered in partial regions on the surfaces of organs for
the results of the original MDL method. Especially, there
are nearly no corresponding points in the regions indicated
by red circles. This problem is able to be corrected by the
proposed method. It can be seen that corresponding points
are almost uniformly located on the surfaces of organs.

We build two SSMs based on the corresponding points
determined by the two methods and compare their perfor-
mances by the generalization and specificity tests, which are
the most widely used method to evaluate SSMs suggested by
[22]. Generalization tests are based on leave-one-out experi-
ments, where𝑁−1 shapes are used for training SSMs and the
remaining one is used to test whether it can be represented
by the trained SSMs. The distance between the untrained
shape and the reconstructed shape by SSMs is calculated to
showhowmuch difference exists. Low values indicate that the
constructed SSMs have good generalization performances on
untrained shapes.Themeasure of generalization is defined by

𝐺 (𝑀) =
1

𝑁

𝑁

∑

𝑖=1

Dis (X
𝑖
,X
𝑖
) , (6)

where𝑁 is the total number of shapes,X
𝑖
is the 𝑖th untrained

shape, X
𝑖
is the corresponding reconstructed shape by SSMs

using the largest 𝑀 eigen-vectors, and Dis(X
𝑖
,X
𝑖
) is the

distance of the two shapes, X
𝑖
and X

𝑖
.

In specificity tests, the constructed SSMs are used to
synthesize a large number of shapes. Each synthesized shape
is compared with training shapes and finds the closest one.
The mean value of distances between synthesized shapes
and their corresponding closest training shapes is used as
the measure of specificity tests. Low values indicate that the
trained SSMs have good specificity on training shapes. The
measure of specificity is defined by

𝑆 (𝑀) =
1

𝐿

𝐿

∑

𝑖=1

min
X
𝑗
∈ΩX

Dis (Y
𝑖
,X
𝑗
) , (7)

where 𝐿 is the number of synthesize shapes by SSMs using
𝑀 largest eigen vectors, Y

𝑖
is the 𝑖th synthesize shape, ΩX is

the set of training shapes to build SSMs, and Dis(Y
𝑖
,X
𝑗
) is

the distance of the two shapes, Y
𝑖
and X

𝑗
. In experiments, we

synthesize 10000 shapes for the specificity test.
Shape distances in generalization and specificity tests are

calculated by (8), in order to make the comparison of two
shapes not to be concentrated on corresponding points [23].

Dis (X,Y) = 1
2

[

[

1

𝑈
∑

x∈X
min
y∈Y

𝑑 (x, y) + 1
𝑉
∑

y∈Y
min
x∈X

𝑑 (x, y)]
]

,

(8)

where x and y are vertices of the two shape X and Y,
respectively, 𝑑(x, y) is the Euclidian distance of two vertices,
and 𝑈 and 𝑉 are the number of vertices for the two shapes.

Since livers and lungs are larger than kidneys and spleens,
we use 1000 corresponding points to build SSMs of livers
and lungs and 500 corresponding points to build SSMs of
kidneys and spleens. Additionally, we adopt general-purpose
computing on graphics processing units (GPGPU) to deal
with the large computation costs on (8).

Results on generalization and specification tests are given
in Figure 7. We calculate the mean values and the standard
deviations for generalization and specificity measures to
compare the two methods. It can be seen that the proposed
method gives smaller measures of generalization and speci-
ficity for all the six kinds of organs, which means that the
proposed method performs better than the original MDL
method.

3.4. Discussion. Although it is a good idea to conformally
transform each shape onto a unit sphere to eliminate varia-
tions on translations and scales before the MDL registration
is performed [12], the conformal mappings become poor
because manipulation of parameterized meshes makes them
to be distorted in shape alignment. Therefore, a uniform
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Figure 7: Two SSMs constructed by both the original MDL method [12] and the proposed method are compared in the generalization and
specificity tests on the human organs of livers, left and right lungs, left and right kidneys, and spleens. We compare the two SSMs when the
largest𝑀 (1∼10) eigen vectors are used. The bars give the mean values, and the positive and negative steps give the standard deviations.

distributed sampling on the parameterized meshes after
the MDL registration causes the determined corresponding
points to be densely located in some parts and coarsely
in other parts. An example of uniform sampling adopted
in the original MDL method is shown by the most left
figure in Figure 4 (with subtitle “𝑡 = 0”). It can be seen
that there are a few sampling positions located in regions
where triangles of parameterized meshes are shrunk (red
regions) and relatively more sampling positions in regions
where triangles are expanded (blue regions). This causes
the problem that determined corresponding points are not
uniformly distributed on the original surfaces of organs.

In the proposed method, the obtained optimal sampling
positions are adaptive to the distortions of parameterized
meshes. The most right figure (with the subtitle “Final”) in
Figure 4 gives such an example. It can be seen that there are a
lot of sampling positions in the red regionswhere triangles are
shrunk and relatively few positions in the blue regions where
triangles are expanded.Therefore, determined corresponding
points can spread uniformly on the original surfaces of organs
even though conformal mappings become poor after MDL
registration.

In the generalization and specificity tests, it can be seen
that SSMs built by corresponding points determined by
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Mean shape of SSMs constructed
by the original MDL method  

(a)

Mean shape of SSMs constructed
 by the proposed method  

(b)

Figure 8: Mean shapes of SSMs constructed by the corresponding points determined by the original MDL method [12] and the proposed
method for livers. It can be seen that the part indicated by the red circle cannot represent detailed shapes of livers.

Determined corresponding points

(a)

Sampling positions on the unit sphere

(b)

Figure 9: An example to show the dense-line artifact we encountered when we reimplemented the work [24]. (a) The determined corre-
sponding points for a case of livers. The dense line artifact is indicated by the red arrow. (b) The adaptive sampling positions on the unit
sphere. The line artifact exists in the reconnected part (indicated by the red arrow) through which two half-spherical sampling meshes are
united.

the proposed method perform better. Here, we give an exam-
ple to show the reason. Figure 8 gives the mean shapes of
SSMs built by the corresponding points determined by the
original MDL method and the proposed method for livers.
It can be seen that the mean shape built by the original
MDL method loses detailed information of livers’ shapes. In
particular, the mean shape decays in the part indicated by the
red circle. However, the mean shape contains more details for
the livers’ shapes by using the proposed method. Therefore,
SSMs built by the proposed method performs better than
SSMs built by the original MDL method.

It seems that there is another work to resolve the same
problem of originalMDL in [24], where a 2D-dithering based
remeshing method was adopted [20, 25]. We reimplement
it; however we encounter a dense-line problem. An example
of this problem is shown by Figure 9. In methodology, the
method [24] has to firstly get two adaptive half-spherical
meshes separately and then unit them to construct a whole
spherical mesh whose vertices are the optimal sampling posi-
tions. If the densities of vertices on the two meshes’ margins
(through which the two meshes are connected) are different,
this artifact problem will happen. We refer to all the related
literature [20, 23, 24], and we find no descriptions of how
to keep the two densities equal while ensuring the required

condition of the MDL method that the number of sampling
positions should be unchanged. Although it seems that there
is no such a line artifact problem in [24], we do not know
how to avoid this problem. In the proposed method, since
we manipulate a set of particles to find optimal sampling
positions directly on the unit sphere, the connection of two
meshes is not required. Therefore, the proposed method
is able to avoid the line artifact problem in methodology.
Additionally, we feel that it could not be fair to compare
the performances of the proposed method and the reimple-
mented version with dense-line artifacts. Therefore, we only
state the fact that we encounter in the reimplementation of
[24] and do not give the compared results.

Additionally, we note that there is a particle and entropy
based method for SSMs [26]. The difference is that we apply
the particle-basedmethod as the postprocessing step ofMDL
method in order to obtain optimal sampling positions on the
unit sphere.

4. Conclusion

MDL based shape registration method proposed in [12] was
a state-of-the-art method to determine the corresponding
points on surfaces of 3D organs. Since uniformly distributed
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points on the unit sphere were used to sample the shapes
registered in the parameter space, the obtained correspond-
ing points were not uniformly distributed on the original
surfaces of organs. In this paper, we proposed a particle
system based method to find the optimal sampling positions
on the unit sphere to resolve this problem. In our method,
a set of particles was manipulated on the unit sphere to
find the optimal sampling positions by minimizing a care-
fully designed energy function. We evaluated the proposed
method on six kinds of human abdominal and chest organs,
which were livers, left and right lungs, left and right kidneys,
and spleens. We collected 47 cases of lungs and 50 cases of
other organs from different subjects to evaluate the proposed
method. Experiments showed that the proposed method
was able to find optimal sampling positions on the unit
sphere and resolve the problem of the original MDLmethod.
Additionally, we compared the proposed method with the
original MDL method in the generalization and specificity
tests. Experimental results showed that SSMs built by the
proposed method performed better than SSMs built by the
original MDLmethod. In future, we will apply the built SSMs
in some segmentation tasks of human organs.

Acknowledgment

This research was supported by MEXT KAKENHI Grant no.
21103008.

References

[1] T. Heimann and H. P. Meinzer, “Statistical shape models for 3D
medical image segmentation: a review,”Medical Image Analysis,
vol. 13, no. 4, pp. 543–563, 2009.

[2] T. Heimann, B. V. Ginneken, M. A. Styner et al., “Comparison
and evaluation of methods for liver segmentation from CT
datasets,” IEEE Transactions on Medical Imaging, vol. 28, pp.
1251–1265, 2009.

[3] T. F. Cootes, C. J. Taylor, D. H. Cooper, and J. Graham, “Active
shape models-their training and application,” Computer Vision
and Image Understanding, vol. 61, no. 1, pp. 38–59, 1995.

[4] S. M. Pizer, P. T. Fletcher et al., “Deformable m-reps for 3D
medical image segmentation,” International Journal of Com-
puter Vision, vol. 55, pp. 85–106, 2003.
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[6] A. Kelemen, G. Székely et al., “Elastic model-based segmen-
tation of 3D neuroradiological datasets,” IEEE Transactions on
Medical Imaging, vol. 18, pp. 828–839, 1999.

[7] J. Rissanen, Stochastic Complexity in Statistical Inquiry, World
Science, Singapore, 1989.

[8] R. H. Davies, C. J. Twining, T. F. Cootes, J. C. Waterton, and C.
J. Taylor, “Aminimum description length approach to statistical
shapemodeling,” IEEE Transactions onMedical Imaging, vol. 21,
no. 5, pp. 525–537, 2002.

[9] M. A. Styner, J. A. Rajamani, L.-P. Nolte et al., “Evaluation of 3D
correspondence methods for model building,” in Information

Processing in Medical Imaging, vol. 2732 of Lecture Notes in
Computer Science, pp. 63–75, 2003.

[10] H. H. Thodberg, “Minimum description length shape and
appearance models,” in Image Processing Medical Imaging, vol.
2732 of Lecture Notes in Computer Science, pp. 51–62.

[11] A. Ericsson and K. Astrom, “Minimizing the description length
using steepest descent,” in Proceedings of the British Machine
Vision Conference, pp. 93–102, 2003.

[12] T. Heimann, I. Wolf, T. Williams, and H. Meinzer, “3D Active
Shape Models using gradient descent optimization of descrip-
tion length,” in Information Processing in Medical Imaging,
Lecture Notes in Computer Science, pp. 566–577, 2005.

[13] R. H. Davies, C. J. Twining, T. F. Cootes, and C. J. Taylor,
“Building 3-D statistical shape models by direct optimization,”
IEEE Transactions on Medical Imaging, vol. 29, no. 4, pp. 961–
981, 2010.

[14] R. H. Davies, C. J. Twining, T. F. Cootes, J. C. Waterton, and C.
J. Taylor, “3D statistical shape models using direct optimization
of description length,” in Proceedings of the 7th European
Conference on Computer Vision (ECCV ’02), pp. 3–21, 2002.

[15] T.Heimann, I.Oguz, I.Wolf,M. Styner, andH.Meinzer, “Imple-
menting the automatic generation of 3D statistical shapemodels
with ITK,” The Insight Journal MICCAI Open Science Work-
shop, 2006, http://hdl.handle.net/1926/224.

[16] X. F. Gu, Y. Wang, T. F. Chan, P. M. Thompson, and S. T. Yau,
“Genus zero surface conformal mapping and its application to
brain surface mapping,” IEEE Transactions on Medical Imaging,
vol. 23, no. 8, pp. 949–958, 2004.

[17] M. D. Meyer, P. Georgel, and R. T. Whitaker, “Robust particle
systems for curvature dependent sampling of implicit surfaces,”
inProceedings of the International Conference on ShapeModeling
and Applications (SMI ’05), pp. 124–133, June 2005.

[18] R. O. Duta, P. E. Hart, and D. G. Stork, Pattern Classification,
Wiley-Interscience, 2nd edition, 2000.

[19] J. O’Rourke,Computational Geometry in Csecond Edition, Cam-
bridge University Press, 2001.

[20] P. Alliez, M. Meyer et al., “Interactive geometry remeshing,”
ACM Transactions on Graphics, vol. 21, pp. 347–354, 2002.

[21] The Visualization Toolkit (VTK), http://www.vtk.org/.
[22] R. H. Davies, C. J. Twining, and C. J. Taylor, Statistical Models of

Shape: Optimization and Evaluation, Springer, 1st edition, 2008.
[23] T. Heimann, Statistical Shape Models for 3D Medical Image

Segmentation, VDM, 2008.
[24] T. Heimann, I. Wolf, and H.-P. Meinzer, “Automatic generation

of 3D statistical shape models with optimal landmark distribu-
tions,” Methods of Information in Medicine, vol. 46, no. 3, pp.
275–281, 2007.

[25] V. Ostromoukhov, “A simple and efficient error-diffusion algo-
rithm,” in Proceedings of the Computer Graphics Annual Confer-
ence (SIGGRAPH ’01), pp. 567–572, August 2001.

[26] J. Cates, P. T. Fletcher, M. Styner, M. Shenton, and R. Whitaker,
“Shape modeling and analysis with entropy-based particle
systems,” in Information Processing inMedical Imaging, vol. 4584
of Lecture Notes in Computer Science, pp. 333–345, 2007.



Hindawi Publishing Corporation
Computational and Mathematical Methods in Medicine
Volume 2013, Article ID 832509, 10 pages
http://dx.doi.org/10.1155/2013/832509

Review Article
Artificial Neural Networks in Mammography Interpretation and
Diagnostic Decision Making

Turgay Ayer,1 Qiushi Chen,1 and Elizabeth S. Burnside2

1 H. Milton Stewart School of Industrial and Systems Engineering, Georgia Institute of Technology,
765 Ferst Dr., Atlanta, GA 30332, USA

2Department of Radiology, University of Wisconsin Medical School, E3/311, 600 Highland Avenue, Madison, WI 53792-3252, USA

Correspondence should be addressed to Turgay Ayer; ayer@isye.gatech.edu

Received 18 January 2013; Accepted 22 April 2013

Academic Editor: Yi-Hong Chou

Copyright © 2013 Turgay Ayer et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Screeningmammography is the most effective means for early detection of breast cancer. Although general rules for discriminating
malignant and benign lesions exist, radiologists are unable to perfectly detect and classify all lesions as malignant and benign,
for many reasons which include, but are not limited to, overlap of features that distinguish malignancy, difficulty in estimating
disease risk, and variability in recommended management. When predictive variables are numerous and interact, ad hoc decision
making strategies based on experience and memory may lead to systematic errors and variability in practice. The integration of
computer models to help radiologists increase the accuracy of mammography examinations in diagnostic decision making has
gained increasing attention in the last two decades. In this study, we provide an overview of one of the most commonly used
models, artificial neural networks (ANNs), inmammography interpretation and diagnostic decisionmaking and discuss important
features in mammography interpretation. We conclude by discussing several common limitations of existing research on ANN-
based detection and diagnostic models and provide possible future research directions.

1. Introduction

Breast cancer is the most common nonskin cancer and the
second leading cause of cancer deaths among American
women [1]. About one in eight American women are pro-
jected to develop breast cancer in their lives [2]. The Ameri-
can Cancer Society (ACS) estimates that 288,130 womenwere
diagnosed with breast cancer and 39,520 died from this
disease in 2011 [3].

Unfortunately, there is no foolproof method to prevent
breast cancer. However, when detected early, the disease is
often effectively curable. For example, 5-year survival rate
increases from 27% to 98% when breast cancer is detected in
an early stage [3]. That is why there is an intense interest in
screening modalities for early detection.

Mammography, a low-dose X-ray procedure for visualiz-
ing the internal structure of the breast, is the most effective
means to date for early detection of breast cancer [4]. Mam-
mograms can detect masses, tiny deposits of calcium referred

to as microcalcifications, and other subtle changes that may
indicate cancer. Early diagnosis through screeningmammog-
raphy is the most effective means of decreasing the death rate
from breast cancer. Randomized trials have shown that the
use of screening mammography in the general population
reduces breast cancer mortality by at least 24 percent [5].
It is estimated that more than 20 million mammograms are
performed in the US annually and approximately 70% of
women over age 40 have had a mammogram in the last two
years [6, 7].

All mammograms are overseen and interpreted by radi-
ologists. Subspecialty radiologists who are experts in the field
often have fellowship training in mammography and read
these studies exclusively. Community radiologists, who read
the majority of mammograms in the context of a diverse
general practice, on the other hand, have lower rates of cancer
detection and higher rates of biopsy [8]. It is reported that in
the US, only about 20% of women who have biopsies turn
out to have cancer [9]. While only about 3.5% of abnormal
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screening mammograms interpreted by community radiol-
ogists reveal cancer, subspecialty radiologists have a signifi-
cantly higher positive predictive value (PPV) [8]. Community
radiologists also have a lower sensitivity resulting in missed
breast cancers. While community radiologists detect about
3.0 breast cancers per 1,000 screeningmammograms, subspe-
cialty radiologists detect significantly more: about 5.3 cancers
per 1,000mammograms [10]. Furthermore, the US as a whole
appears to have different decision thresholds than other
countries. Smith-Bindman et al. [11] report that although
cancer detection rates are identical in the US and in the UK,
radiologists in the US declared many more mammogram
results uncertain or suspicious compared with their British
counterparts. As a result, American women with and without
cancer underwent at least double the number of followup
tests, like biopsies.

The American College of Radiology (ACR) has been
working on addressing these issues by attempting to stan-
dardizemammography reporting, reduce confusion in breast
imaging interpretations, and facilitate outcome monitoring.
For example, the ACR has developed a lexicon, the breast
imaging reporting and data system (BI-RADS), which stan-
dardizes mammogram feature distinctions and the terminol-
ogy used to describe them [12]. The BI-RADS lexicon, which
includes the descriptors that can predict benign or malignant
disease, is intended to guide radiologists and physicians in
the breast cancer decisionmaking process to facilitate patient
management. Furthermore, the results can be compiled in
a standard format that permits the collection, maintenance,
and analysis of demographic, mammographic, and outcomes
data.

Although general rules for discriminating malignant and
benign lesions exist, radiologists are unable to classify all
lesions as malignant and benign, as the successful diagnosis
requires systematic search patterns using numerous factors in
the presence of noise in images [13]. When predictive
variables are numerous and interact, ad hoc decision mak-
ing strategies based on experience and memory, the only
viable method for radiologists, may lead to errors [14] and
variability in practice [11, 15]. That is why there is intense
interest in developing tools that can calculate an accurate
probability of breast cancer to aid in decision making
[16–18].

To improve the accuracy ofmammography interpretation
and aid in detection and diagnosis of abnormalities, several
computer-aided detection (CAD) and computer-aided diag-
nostic (CADx) tools have been developed. The integration of
computermodels to help radiologists increase the accuracy of
mammography examinations in diagnosis [19–23] has gained
increasing attention since the last two decades. CAD and
CADxmodels may help radiologists in the detection and dis-
crimination of lesions as benign and malignant by providing
objective information, such as the risk of breast cancer [24].
In this paper, we provide an overview of one of the most
commonly used models, artificial neural networks (ANNs),
in CAD and CADx for mammography interpretation and
biopsy decision making and discuss important features in
breast cancer diagnosis. We present a list of the articles
described in this study in Table 1.

2. ANN Models in Breast Cancer
Detection and Diagnosis

ANNs are computer models that have the ability to dupli-
cate aspects of human intelligence while incorporating the
processing power of computers and are thus capable of
processing a large amount of information simultaneously by
learning fromprevious cases [25]. ANNs havemany desirable
properties that make them well suited for medical decision
making. ANNs are capable of “learning” complicated patterns
from data that are difficult for humans to identify [26]. They
can also often overcome ambiguous and missing data [27]
and provide accurate predications [28, 29]. The structure of
a generic ANN model built for aiding in mammography
interpretation is presented in Figure 1.TheANNmodels built
for aiding in mammography interpretation typically take
patients demographic risk factors (such as age and a family
history) and mammographic findings (such as mass or calci-
fication variables) as inputs and estimate the corresponding
breast cancer risk to aid in biopsy decision.

Microcalcifications are one of the major indicators of
breast cancer. A large proportion, 30%–50%, of breast can-
cers demonstrate microcalcifications on mammography, and
60%–80% of cancers exhibit microcalcifications on histologic
examination [30, 31]. Identifying microcalcifications, which
range in size between 0.1 and 1mm, is a difficult detection task
for radiologists [31, 32]. Furthermore, distinguishing between
malignant and commonly occurring benign microcalcifica-
tions is challenging.

There are two different ways of using ANNs to aid in
mammography interpretation. The first approach is to apply
the classifier directly to the region of interest (ROI) image
data. As a second approach, ANNs can also learn from
the features extracted from the preprocessed image signals.
Below, we summarize some of the noteworthy studies that
took the first approach.

Stafford et al. [33] developed a committee of three-layer
ANNs to examine digital mammograms after image prepro-
cessing.TheseANNswere trained and tested on 256mammo-
grams and transformed the original ROI images into output
images such that each pixel was assigned a value between
0 and 1. The committee consisted of four ANNs, each with
expertise on identifying microcalcifications within a certain
size range. In particular, the four ANNs were built by using
themicrocalcification sampleswith size ranges of 50–250𝜇m,
100–500 𝜇m, 200–1,000𝜇m, and 400–2,000𝜇m, respectively.
The committee took the highest output among these four
ANNs (the winner-take-all rule) as the output for each pixel.
The full system was tested on microcalcifications of size
ranging from 50–2,000𝜇m. The committee reached 84%
sensitivity at 75% specificity.

Zhang et al. [30] developed a novel neural network to
identify whether an ROI included more than a pre-under-
specified number of microcalcifications. In this proposed
neural network model, a subsequent layer did not depend
on the location patterns in the preceding layer, a special
structure called the shift-invariant property. Therefore, the
result of the shift-invariant ANN (SI-ANN) did not depend
on the location information in the input ROI images. If a
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Figure 1: Inputs to the network are lesion descriptors and family history of the patient. Nodes at each layer are connected to the nodes at
the succeeding layer by weighted arcs. Each hidden node in the first hidden layer performs a nonlinear weighted sum of all input values. The
outputs of the last hidden layer are then similarly combined to the output layer. The single output value shows the probability of the lesion
being malignant.

classical back-propagationANN(BP-ANN)was used instead,
then the locations of the microcalcification clusters implicitly
had to be encoded as the inputs of this neural network. The
performance of the SI-ANNwas evaluated using a database of
168 ROIs of 55×55 pixels and various network configurations.
Using this method, the highest area under the ROC curve
(𝐴
𝑍
) of 0.91 ± 0.02 was achieved. The neural network was

able to eliminate approximately 55% of false positive ROIs
without missing any of true-positive ROIs. Furthermore, the
SI-ANN showed a superior performance over the classic BP-
ANN [34].

Chan et al. [35] investigated the effectiveness of a convolu-
tional neural network (CNN) in detectingmicrocalcifications
on mammograms. The CNN was different from the classic
ANN in its structure where nodes in hidden layers were orga-
nized in groups. In the CNN, the same values were enforced
for the weights connecting the nodes in groups of subsequent
layers, which enabled the neural network to incorporate the
neighborhood information around each pixel on mammo-
grams during the training process. The output of the CNN

was a decision score. The performance of the CNN was
evaluated on a data set of 52 mammograms. The average 𝐴

𝑍

was 0.9, which was substantially robust to different network
configurations. The CNN further reduced the number of
false-positive clusters per image bymore than 70% at all true-
positive rates.

As a second approach, instead of learning directly from
images, ANNs can also learn from the features extracted from
preprocessed image signals. Several ANN applications for
reducing false-positive (FP) cases inmicrocalcification detec-
tion followed this approach [36–39]. Among these studies,
Nagel et al. [36], for example, built an ANN for identifying
microcalcifications based on five extracted features: area,
contrast, first moment of the power spectrum, mean pixel
value, and edge gradient. This ANN was trained on 39 mam-
mograms, and its output represented the likelihood of being
a microcalcification. A feature-wise threshold was computed
based on the training data to minimize the number of false
positives while maintaining a high enough true-positive (TP)
rate. For comparison purposes, a rule-based method of FP
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reduction was also built. The average number of FPs per
image were 1.9 for the rule-based method, 1.6 for the ANN,
and 0.8 for the combined method at a sensitivity of 83%,
when they were evaluated on an independent test set of 50
mammograms.

Following the detection of microcalcifications, radiolo-
gists should decide whether to biopsy or not. This decision
relies on the ability of the radiologist to accurately differ-
entiate benign and malignant features. To aid in biopsy
decision making, several ANN-based CADx models based
on radiologists’ observations have been developed since 1990s
[40–43].

As an alternative to feature extraction based on radiol-
ogists’ observations, algorithms were developed to automat-
ically extract features from digital mammography images.
These automatically extracted features can be used as input to
feed the CADx models. Chan et al. [44] provided a compre-
hensive summary of such methods. Jiang et al. [45] first inte-
grated the computerized feature analysis and discrimination.
Only the initial identification of microcalcification clusters
was performed by radiologists. Based on eightmorphological
features extracted from the image, the ANN identified 100%
of the malignant and 82% of the benign cases. The accuracy
was significantly higher than that of five radiologists without
computer aid (𝑃 = 0.03). In a follow-up study, Jiang et al.
[46] compared the automated discrimination methods and
routine clinical performance by ten radiologists using an
ROC analysis. The ROC index 𝐴

𝑍
increased from 0.61

without aid to 0.75 with computer aid (𝑃 < 0.0001). This
improvementwas also reflected in sensitivity (73.5% to 87.4%)
and specificity (31.6% to 41.9%). In the method proposed by
Huo et al. [47], mass regions were identified automatically
and then features related to the margin and density of each
mass were extracted. The results showed that the discrimi-
nation performance of the ANN (𝐴

𝑍
= 0.94) was slightly

better than that of an experienced mammographer (𝐴
𝑍
=

0.91) and significantly better than the average radiologists
(𝐴
𝑍
= 0.81, 𝑃 = 0.13). Similarly, in Kallergi [22], features

were automatically extracted from digital images by detec-
tion/segmentation methods. The ANN based on fourteen
morphological (for individual calcifications) and distribu-
tional (for the clusters) descriptors was shown to achieve
high sensitivity and specificity (100% and 85%), and be robust
against false positive signals.

In addition to morphological features extracted from
mammography images, texture featureswere also used to feed
ANNs in classifying malignant and benign microcalcifica-
tions, such as in the study by Chan et al. [48]. In this study,
thirteen texture features were derived from spatial grey level
dependence (SGLD) matrices, which were constructed from
the background-corrected ROIs. Several representative sub-
sets of features were evaluated by a stepwise procedure. The
feature set consisting of six features achieved the highest
accuracy (𝐴

𝑍
= 0.88).The sensitivitywas 100% at a specificity

of 24%when decision threshold was set to 0.85.The results of
this study showed that computerized methods were able to
capture the changes of texture features in malignant, which
were not visually apparent on mammograms.

∑ 𝑓

∑ 𝑓

∑ 𝑓

∑ 𝑓

∑ 𝑓

∑ 𝑓

External input
Symmetric bidirectional weight

Figure 2: Neurons are organized in a non-hierarchical structure
in constraint satisfaction neural network (CSNN). Each neuron
is assigned a value (activation level). These values represent the
network state. Inputs to each neuron include both the external input
and the activation levels of other neurons connected by the bidirec-
tional symmetric weights.The activation levels are updated by pass-
ing the weighted sum of input values through a transfer function.
The training is terminated when the network achieves a globally
stable state with all constraints satisfied.

Obviously, mammographic features are not the only con-
siderations for physicians in breast cancer diagnosis. Other
relevant findings, such as a patient’s medical history and
clinical factors, can also be informative for a successful
diagnosis. Baker et al. [41] built an ANNmodel based on ten
descriptors from breast imaging reporting and data system
(BI-RADS) and eight features of patients’ medical history
such as age, personal and family history of breast cancer, and
menopausal status. In this study, the specificity of the ANN
was significantly greater than that of radiologists (62% and
30%at 95% sensitivity,𝑃 < 0.01). Later, Lo et al. [42] observed
similar findings and showed that age was a strong diagnostic
predictor in the retrospective evaluation of the follow-up
study. Considering age together with seven BI-RADS find-
ings in the ANN significantly enhanced the discrimination
performance measured in 𝐴

𝑍
(𝑃 = 0.028).

In addition to mammographic features, some studies
built ANNmodels that also considered sonographic features.
Among them, the first one, Jesneck et al. [49] examined 803
breast mass lesions (296 malignant and 507 benign) from
737 patients. To assess the discrimination performance, ROC
analysis was used in a training, validation, and retest scheme.
Results showed that the ANN model achieved a high perfor-
mance (𝐴

𝑍
= 0.92 ± 0.01), and consideration of sonography

variables improved the performance.
Although ANNs have been successful in mammographic

diagnosis, they have often been regarded as black box since
they do not provide much clinical intuition. To overcome
this limitations, Tourassi et al. [50] proposed an innovative
ANN, the constraint satisfaction neural network (CSNN),
as illustrated in Figure 2. An appealing property of this
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nonhierarchical and flexible CSNN model was the capability
to discover trends and hidden associations (e.g., to identify
the risk factors) and extract decision rules. As inputs, 10
mammographic and six patient clinical features of 500 breast
lesions (174 malignant and 326 benign) from BI-RADS
database were used. Based on a 50%-50% cross-validation
scheme, the ROC index 𝐴

𝑍
was shown to be 0.84 ± 0.02,

whichwas comparablewith the performance of a classicANN
[42]. Later, Tourassi et al. [51] validated this approach using a
larger testing data set of additional 1,030 cases.

In addition to improving diagnostic accuracy, ANNs
have also been useful in reducing variability in radiologists’
interpretations. In the literature, significant variability in
radiologists’ interpretations has been reported. For example,
a recent study by Beam et al. [52] showed that the sensitivity
of mammography ranged from 59% to 100% and specificity
ranged from 35% to 98%, depending on the reading radiolo-
gist. To reduce this interobserver variability, Jiang et al. [46],
for the first time, presented evidence for the ability of anANN
model to reduce variability of mammography interpretation
among radiologists. In another study, Jiang et al. [53] assessed
the variability in interpretation among radiologists with and
without an ANN model. The ANN estimated the likelihood
of malignancy, and ten radiologists were instructed in how
to utilize the output of the ANN. The findings of this study
verified that ANNs were not only useful for improving
diagnostic accuracy but also for decreasing variability in
mammography interpretation. In particular, they showed
that (1) the range in sensitivity was reduced from 35% to 26%
and the standard deviation (SD) of𝐴

𝑍
reduced by 46% (from

0.056 to 0.030); (2) on average, complete agreements were
achieved in 33 (32%) cases with computer aid compared with
13 (13%) caseswithout the aid (𝑃 < 0.001), and the occurrence
of conflicting was reduced from 43 (41%) cases to 28 (27%)
cases (𝑃 = 0.02); (3) substantial disagreements in recom-
mendation (biopsy versus routine follow-up, measured by
pairwise frequency and per-patient frequency (see [15]), were
reduced significantly with computer aid for all cases and for
cancer cases only (𝑃 < 0.04).

The results of mammography are often conveyed as posi-
tive or negative. In reality, however, the result of any test that
is imperfect would ideally be expressed in terms of a post-test
probability of disease which would help an individual better
understand his or her personal risk given the sensitivity and
specificity of the test. Recall that the output of an ANN is
often a probability indicating the similarity of the test case
to the malignant or benign findings. Then, a preset threshold
value is used to determine whether the test case is malignant
or benign. In this regard, ANNs can also be viewed as risk
assessmentmodels. However, most ANN studies in the litera-
ture have only focused on discrimination but did not consider
calibration.Orr [54] explored the value of quantifying the risk
of malignancy using an ANN. A standard back-propagation
network with a single hidden layer was trained and tested on
a dataset of size 1,288 (75% for training and 25% for testing).
The ROC index𝐴

𝑍
of the ANN in the test set was 0.89, which

was significantly better than that of the physicians alone
(𝐴
𝑍
= 0.86, 𝑃 < 0.01). In a retrospective examination of

the training data, the author observed that among the patients

with anANNoutput of 0, none had cancer, and for those with
an output greater than 0.75, 71% of them had cancer. To assess
the risk stratification capability of ANN (i.e., calibration),
patient data were divided into four quartiles, four subgroups
of almost equal size based on the magnitude of the ANN
output, where those in the lowest quartile had minimal risk
of malignancy. Results showed that the risks of cancer were
well separated among the four subgroups (2/391 = 0.5%,
7/272 = 2.6%, 37/341 = 10.9%, and 139/295 = 47.1%, resp.).

Risk estimations provided by ANNs could provide useful
information for physicians for a successful diagnosis, risk
stratification, and risk communication. As noted by Cook
[55], a comprehensive evaluation of such models should
include both discrimination and calibration.The discrimina-
tion ability represents the capability to separate themalignant
findings from the benign ones, as measured by ROC index
𝐴
𝑍
, sensitivity and specificity. Discrimination assessment is

commonly used as we see in studies reviewed above. How-
ever, discrimination measures cannot assess how well the
predictions agree with the actual observations, which needs
to be evaluated via the model calibration.The purpose of cal-
ibration is to improve the accuracy of risk prediction by esti-
mating the absolute risk of cancer. A well-calibrated model
means that the predicted risks match the observed risks
within each subgroup [56]. However, unlike discrimination,
calibration did not receive much attention in performance
assessment of the existing ANNmodels.

There is a tradeoff between discrimination and calibra-
tion, and perfect calibration and discrimination cannot be
achieved simultaneously in clinical practice [57–59]. Several
studies have shown that given a perfectly calibrated risk
estimation model, the ROC index 𝐴

𝑍
varied with the distri-

bution of the observed risk in the population.
Ayer et al. [43] revisited the use of ANNmodels in breast

cancer risk estimation and assessed both discrimination
and calibration. On a large data set consisting of 62,219
consecutive mammography findings, the risk prediction was
obtained using 10-fold cross-validation. The ANN model
achieved an𝐴

𝑍
of 0.965, which was significantly higher than

that of the radiologists, 0.939 (𝑃 < 0.001). The calibration
of the ANN was assessed by the Hosmer-Lemeshow (H-L)
goodness-of-fit statistic test. The H-L statistic was 12.46 (𝑃 >
0.1, df = 8), which indicated a good match between the risk
estimates and the actual malignancy prevalence.

In clinical practice, missing data is a common problem
[51]. Obviously, incomplete inputs may have an impact on
the prediction accuracy of a trained ANN. Markey et al. [27]
investigated the impact of missing data in classifying testing
data on ANNs. The ANNs were trained with complete data
and tested on a dataset with missing components. Four levels
of missing data (10%, 20%, 30%, and 40%) were tested in a
back-propagation ANN (BP-ANN) and a CSNN model. For
the BP-ANN, missing values were (1) replaced with zeros,
(2) replaced with mean value from the training set, and
(3) imputed by using a multiple imputation procedure. The
results showed that the replacing of the missing values with
zeros was not very efficient and could lead to misleading
results. The decrease of 𝐴

𝑍
was significant (𝑃 < 0.01) even

with only 10% missing data (0.84 ± 0.03) compared with
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the complete data (0.94 ± 0.01). The other two methods
were shown to be more accurate and efficient. Their findings
showed that with data imputation, the models achieved rea-
sonable performance for up to about 30% missing data.

Imbalanced data presents another challenge to ANN
development, testing, and performance. A data set is consid-
ered imbalanced if the number of instances of one class is
significantly smaller than that of the other class. In the context
of breast cancer, the proportion of patients with breast cancer
is significantly lower due to the actual prevalence of the dis-
ease. Mazurowski et al. [60] showed that this influence could
significantly reduce the performance of an ANN. In general,
two methods, undersampling and oversampling, are com-
monly used to compromise data imbalance. Undersampling
randomly chooses samples from themajority class so that the
size of themajority class is similar to that of theminority class.
Oversampling, on the other hand, will randomly duplicate or
interpolate the samples from the minority class to mitigate
this imbalance. Mazurowski et al. [61] investigated the effects
of imbalanced data on the discrimination performance for a
classic ANN. A database consisting 1,005 biopsy-proven
masses (370malignant and 645 benign) collected at the Duke
University Medical Center was used to compare the effects
of oversampling and undersampling. This study verified the
detrimental effects of the class imbalance in training dataset
and showed that oversampling in general achieved a higher
ROC performance compared with undersampling.

3. Discussion and Conclusions

Several studies have verified that ANNs have the potential to
successfully aid in mammography interpretation and breast
cancer diagnosis. However, for successful applications of
ANNs, both advantages and disadvantages of these models
should be well understood and be carefully considered by
researchers and the end users. Advantages and disadvantages
of ANNs have been previously discussed in several studies in
the literature (see, e.g., [62, 63]). To summarize, the advan-
tages of ANNs include the ease of model building, the
capability in capturing the interactions between predictors,
and ability to consider complicated nonlinearities between
predictors and outcomes (Table 2).

Besides the advantages, ANNs have several disadvantages
as well. In medical practice, the clinical insights obtained
from the prediction models obviously play an important
role. As Tu [63] noted, ANNs however suffer from the
limited capability to explicitly explain the causal relationships
between predictive factors and outcomes, which is probably
the most major drawback. Another drawback is that a well-
trainedmodel would be difficult to share with other research-
ers. This is because the knowledge discovered from the data
is all encoded into a huge weight matrix, which is difficult
to interpret and share. Furthermore, the complexity of the
model structure in ANNs makes it more prone to overfitting,
the case where the network overlearns and mimics the
training dataset but performs poorly when presented to an
external dataset. Ayer et al. [25] also noted the need for
confidence intervals, which are, unlike statistical methods,
not straightforward to obtain from ANNmodels.

Table 2: Advantages and disadvantages of ANNs.

Advantage Disadvantage
(i) Easy model building with
less formal statistical
knowledge required.

(i) Clinical interpretation of
model parameters is difficult
(black boxes).

(ii) Capable of capturing
interactions between predictors.

(ii) Sharing an existing ANN
model is difficult.

(iii) Capable of capturing
nonlinearities between
predictors and outcomes.

(iii) Prone to overfitting due to
the complexity of model
structure.

(iv) Users can apply multiple
different training algorithms

(iv) Confidence intervals of the
predicted risks are difficult to
obtain.
(v) The model development is
empirical. Few guidelines exist
to determine the best network
structures and training
algorithms.

4. Future Research in ANNs for Breast Cancer
Detection and Diagnosis

There is a growing interest in developing successful ANN
models for breast cancer detection and diagnosis, due to high
computational power and practical use of ANNs. However,
many studies in the literature share some common limita-
tions, which make their applications limited. As noted by
Schwarzer et al. [64], the most common major limitations
include (1) lacking a comprehensive assessment of the dis-
crimination accuracy, (2) overfitting, and (3) the complexity
issues. First, most studies in the literature do not evaluate
the performance of the trained ANNs using an independent
test set. If testing the model on an independent dataset is
not feasible due to data limitation or other concerns, at least
cross-validation should be done to minimize the potential
bias. However, many studies lacked such evaluations and as a
result, in most cases, the error rates were dramatically under-
estimated. Second, most studies did not pay close attention
to overfitting. The generalizability of the neural networks
substantially depends on the number of hidden nodes in the
hidden unit. When they are too few, the network is limited
in its capability of representing the causal relationships. On
the other hand, when they are excessive, the network is prone
to overfitting. Many studies in the literature reported the
use of very large the number of hidden nodes as compared
with the size of the training data but did not assess whether
overfitting occurred. Lastly, in many studies, the computa-
tional complexity of the ANN was not properly reported.
Some measured the complexity only using the number of
input units which would underestimate the computational
complexity. Properly reporting the complexity of an ANN
model is important because the computational power as well
as many potential problems such as overfitting are closely
related to the complexity of the model. The future studies in
this domain should carefully consider and overcome these
limitations for successful applications of ANNs in mammog-
raphy interpretation.
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We analyzed a statistical model of diaphragm motion using regular principal component analysis (PCA) and generalized N-
dimensional PCA (GND-PCA). First, we generate 4DMRIof respiratorymotion from2DMRIusing an intersection profilemethod.
We then extract semiautomatically the diaphragm boundary from the 4D-MRI to get subject-specific diaphragmmotion. In order
to build a general statistical model of diaphragm motion, we normalize the diaphragm motion in time and spatial domains and
evaluate the diaphragm motion model of 10 healthy subjects by applying regular PCA and GND-PCA. We also validate the results
using the leave-one-out method.The results show that the first three principal components of regular PCA contain more than 98%
of the total variation of diaphragm motion. However, validation using leave-one-out method gives up to 5.0mmmean of error for
right diaphragm motion and 3.8mm mean of error for left diaphragm motion. Model analysis using GND-PCA provides about
1mmmargin of error and is able to reconstruct the diaphragm model by fewer samples.

1. Introduction

4D-MRI is an advanced imaging technique that reconstructs
a 3D MRI with time series from a set of time sequential
images of 2D MRI. For respiratory motion, the use of 4D
MRI has an important role in many clinical applications such
as lung cancer radiotherapy planning, examining pulmonary
diseases, and analyzing diaphragmmotion. However, current
MRI is unable to acquire 4D MRI directly. Therefore, in
the recent years some methods have been proposed to
reconstruct 4D MRI of respiratory organs based on the
sequential 2D MRI [1–3].

von Siebenthal et al. [1] proposed a method to obtain
4D image using internal respiratory gating and reconstructed
it by retrospective sorting of dynamic 2D MR images.
It showed the detailed deformation of an organ during

free breathing. Tokuda also proposed an adaptive imaging
method to acquire a series of 3D MR images of respiratory
organs as the extension of respiratory gating [2].Our previous
study successfully achieved 4D MR imaging of organs with
respiratory motion using a method called intersection profile
method [3]. In this method, we reconstructed 4D MRI of
respiratory organ from time sequential images of 2D MRI
under natural respiration.We not only successfully visualized
4D MRI of respiratory organ, but also proposed to construct
diaphragmatic function map that can be used to evaluate
diaphragm motion quantitatively. Previous related works on
4D respiratory motion modeling include [4–8].

Recent statistical model of respiratory motion was pro-
posed by Li et al. [9]. It was a statisticalmodel of lung based on
principal component analysis (PCA) and applied to clinical
data. The lung motion model, however, was based on two
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types of respiratory phantoms and cosine function which will
only be idealistic for phantom motion. Extraction and statis-
tical modeling of lung motion field were also demonstrated
in [10]. The experiment extracted motion fields from a 4D-
CT data set and built a motion model for both intra- and
intersubject. Although it focused on the lung motion, the
results showed that the use of diaphragm as a stimulator to
drive the motion model could reduce the prediction error.
Simultaneous registration of all dynamic MR images and
modeling processing were performed in [11] for the purpose
to improve the accuracy of motion estimation. However,
this approach may only be feasible for simple rigid or affine
motion model. Applying this model to organs that have
complex or nonrigid motion will significantly increase the
number of parameter and consequently execution time also
becomes much larger.

The statistical modeling was focusing on how to model
respiratory motion based on lung motion [9–11] or internal
liver motion [12]. In this paper, instead of extracting lung to
obtain respiratory motion, we focus on extracting diaphragm
motion from 4D-MRI and analyzing it using PCA. As one
of the major determinants in respiratory motion, diaphragm
has greater superior-interior translation comparedwith other
respiratory organs such as lung or liver. Thus, by modeling
and analyzing diaphragm motion, the variability of respi-
ratory motion can be clearly visualized. As mentioned in
[13], GND-PCAmethod can constructMRT1-weighted brain
volumes and CT lung volumes using fewer training samples
compared with regular PCA. Hence, we also interested to
analyze the efficacy of GND-PCA compared with regular
PCA in modeling the diaphragm motion.

To the best of our knowledge, this is the first study of
modeling and analyzing diaphragm motion extracted from
4DMRI.

2. Materials and Methods

The process of constructing and analyzing the diaphragm
motion model consists of four parts. The first is diaphragm
segmentation and motion tracking. We will briefly review
the methodology we used to create 3D model of diaphragm
shape. Second is data normalization. We will cover how to
normalize the data obtained from the previous step.This step
is primarily important to generalize the data from different
subjects. Third is model analysis using PCA and GND-PCA.
Basic theory of PCA and GND-PCAwill be described. Last is
data evaluation, in which we will explain how to validate the
constructed model.

2.1. 3𝐷 Diaphragm Segmentation and Motion Tracking.
Right-handed Cartesian coordinate system is used to cover
the whole diaphragm area. A number of MRI data slices, size
of 256 × 256 pixels in coronal view are set along the 𝑦-axis
(Figure 1(a)). Each data slice position is denoted by 𝑦

𝑖
where

𝑖 = 1, . . . , 𝑆. To assess the diaphragm motion, we also use 𝑇
time-sequential images for each data slice of 𝑦

𝑖
. We denote

one data slice as 𝑓data(𝑥, 𝑦𝑖, 𝑧, 𝑡), where 𝑡 = 1, 2, . . . , 𝑇. A
first shape of diaphragm is obtained from 𝑓data(𝑥, 𝑦𝑖, 𝑧, 𝑡) for

𝑖 = 1, 2, . . . , 𝑆 and 𝑡 = 1. The diaphragm shape is determined
as follows. Several points are selected in each data slice (𝑦

𝑖
)

that represents diaphragm boundary shown as white dots
in Figure 1(a). The number of points varies from 10 to 15
depending on the curve of diaphragm boundary. Generally,
more points are required if the diaphragm boundary has a
rounded or curvature shape.Thepoints are then connected by
spline interpolation. By conducting this operation for all 𝑦

𝑖
,

the area of diaphragm in 𝑥𝑦 plane is defined as shown in
Figure 1(b). We denote this shape as Ω. Note that we ignore
the area below the heart because it is strongly affected by
heart beat and apart from respiratory motion. The entry
of this matrix represents 𝑧 value of diaphragm surface at
(𝑥, 𝑦). The 3D representation of diaphragm surface is shown
in Figure 1(c). In this step, 𝑆 × 256 matrix for one whole
diaphragm area is generated, where 𝑆 is the number of slice.
Depending on the acquisition process, 𝑆 will vary between 16
and 24.

Once the 3D shape on diaphragm area Ω is obtained for
𝑡 = 1 (as shown in Figure 1(b)), the 3D shape of diaphragm
over the area of Ω is tracked in the next frame. In order
to do so, a profile of 𝑓data(𝑥, 𝑦𝑖, 𝑧, 𝑡) along 𝑍 at position
(𝑥, 𝑦) over Ω is compared with a profile of 𝑓data(𝑥, 𝑦𝑖, 𝑧, 𝑡 −
1) at the same position (𝑥, 𝑦

𝑖
), and is found a value of

displacement of diaphragm along 𝑧-axis by using normalized
cross-correlation.

Figure 2 summarizes the flow diagram of diaphragm
motion tracking method. Complete reference regarding this
motion tracking method can be found in [3].

2.2. Data Normalization. The acquisition of diaphragm
motion based on the previously explained method cannot
be generalized for all diaphragms due to the wide range of
variability of diaphragm shape and size among the subjects.
Hence, the acquired data need to be normalized.The normal-
ization process takes four steps.

First, we divide the diaphragm area into two parts: right
and left diaphragm areas.

Second, to represent a detailed and unique diaphragm
region, we calculate gradient edges of all diaphragm shapes
and choose one that has the highest gradient edges as
reference image. Affine registration is then performed for all
diaphragm shapes to ensure the same location and size of all
diaphragm shape before the analysis is performed.

Third, for each diaphragm area, we set the top left and
bottom right coordinate to limit the diaphragm area into a
rectangular shape.The distance of new top left position is 1/10
of the diaphragm area width and so is the new bottom right
position. Figure 2 shows how to set new region of diaphragm
area. Selecting the region of diaphragm area ensures that
the analysis is only done in the main part of the diaphragm
area and ignores the area that has small movement. This also
maintains the correspondence on different subjects since the
top and bottom areas will constantly represent same anterior
and posterior positions of all subjects.

The last step of normalization process consists of two
parts, temporal and spatial normalization. Temporal nor-
malization makes all subjects have the same number of
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Figure 1: Coordinate definition of 4D MRI and diaphragm extraction. (a) Manually selected several points (white dots) of one data slice to
extract diaphragm surface, (b) complete extraction of diaphragm surface from 𝑦

1
to 𝑦
20
, and (c) representation of diaphragm area.
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𝑓data (𝑥, 𝑦𝑖 , 𝑧, 𝑡 − 1) along Z-

Figure 2: Flow diagram of diaphragm motion tracking method.

frames, while spatial normalization only normalizes the size
of diaphragm area.

Let 𝑍(𝑥, 𝑦, 𝑡) denotes the 𝑧 value of diaphragm surface
(or target image) at (𝑥, 𝑦) position and 𝑡th frame (1, 2, . . . , 𝑇).
After temporal normalization, 𝑍(𝑥, 𝑦, 𝑡) can be denoted as
𝑍(𝑥, 𝑦, 𝑡

∗

), where 𝑡
∗ ranges from 1 to 20. The following

operator is used to define 𝑡∗:

𝑡
∗

= ⌊
20 − 1

𝑇 − 1
(𝑡 − 1) + 1⌋ . (1)

Here the operator ⌊ ⌋ represents ceiling function which
returns a decimal number to its smallest integer.

Due to the fact that the coordinate position and the size
of rectangular area shown in Figure 3(b) vary among the
subjects, the last part in the normalization process is to fix
the rectangular area for both𝑦 and 𝑥 axes.The purpose is that

all the data will have the same size and position. The size of
the reference image is represented by𝑊ref ⋅𝐻ref. In our study,
we used 60 × 100 pixels for𝑊ref ⋅ 𝐻ref. Actual normalization
process is described as follows.

(1) Normalization of 𝑦-Axis. To normalize the diaphragm
area into 𝑌 axis, the origin image is scaled and fixed
to the reference image.The following operator is used
to scale diaphragm area in 𝑦-axis,

𝑍


(𝑥, 𝑦, 𝑡) = 𝑍(𝑥, ⌈

𝐻target

𝐻ref
𝑦⌉ , 𝑡
∗

) , (2)

where 𝐻target is height of the image target and 𝐻ref
is the height of the reference image. Operator ⌈𝑥⌉
represents ceiling function which rounds up the
decimals into an integer. This scaling process is done
for all 𝑥 and 𝑦. The results of 𝑦-axis normalization is
called intermediate image.

(2) Normalization of 𝑥-Axis. The width of the reference
image is also fixed by horizontal scaling.The operator
used to scale diaphragm area in 𝑥-axis is written as

𝑍


(𝑥, 𝑦, 𝑡)

= 𝑍


(⌈

𝑊target (𝑛) − 𝑊target (1)

𝑊ref
𝑥 +𝑊target (1)⌉ , 𝑦, 𝑡

∗

) ,

(3)

where 𝑊target(𝑛) and 𝑊target(1) are the last and first
nonzero positions in the current𝑦-axis and𝑊ref is the
width of the reference image. This horizontal scaling
is done for all 𝑥, 𝑦. The result of 𝑥-axis normalization
is a final image with the same width and height of the
reference image.

Since there are both right and left diaphragm areas,
scaling the area using the reference image is done for both
diaphragm areas.This process is repeated for each data frame
obtained from the previous algorithm starting from the first
time-sequential image to the last one (𝑡∗ = 1 ⋅ ⋅ ⋅ 20).
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Figure 3: Set the top left and bottom right coordinate to limit the diaphragm area.

The matrix dimension of diaphragm motion after nor-
malization is 𝑊ref × 𝐻ref × 20 or equals to 60 × 100 ×

20 (spatial size of reference image ×20 frames) for each
side of diaphragm. To ensure that the diaphragm motion is
represented as a whole diaphragm and keeping the shape
variance, we merge the right and left sides of diaphragm into
a matrix. The final matrix dimension after the merging is
60 × 200 × 20. Considering the data as high-dimensional
data, linear statistical analysis is possible to be carried out
by applying principal component analysis (PCA). It reduces
the data set and reveals the hidden pattern as maintaining the
majority of the variation in the original data.

The upper part of Figure 3 shows the spatial normaliza-
tion process of certain frame. After modeling using PCA, we
reverse the image into the original diaphragm shape. Firstly,
we create a mask based on the original diaphragm shape.
Using this mask, the modeled image is then resized and
reshaped to the original diaphragm shape.The bottom part of
Figure 3 shows the reversing process from a frame modeled
by PCA to a diaphragm shape image.

2.3. PCA and GND-PCA Diaphragm Motion Model. Gen-
erally, PCA is a statistical method to transform a set of
correlated variables into a smaller number of uncorrelated
variables or principal components (PCs). The PCs are sorted
in a descending order of importance. The purpose of PCA is
that the first few PCs are able to explain large proportion of
the variation in the original variables, and only those PCs are
retained for further analysis.

The following paragraphs describe how PCA is used to
analyze diaphragm motion. Let z be a vector of 𝑧 value
of the spatiotemporally normalized for both right and left
diaphragm. Vector z can be expressed as 1D array:

z = [𝑧
1
, 𝑧
2
, 𝑧
3
, . . . , 𝑧

𝑁
]
𝑇

, (4)

where

𝑧
𝑖
= 𝑍 (𝑥, 𝑦, 𝑡) (5)

and 𝑖 is the index obtained by the following equation:

𝑖 = (𝑡 − 1)𝐻ref𝑊ref + (𝑦 − 1)𝐻ref + 𝑥. (6)

For 𝑚 subjects, we denote z(𝑗) (𝑗 = 1, 2, 3, . . . , 𝑚) as a
diaphragm motion data set from 𝑗th subject.

Principal components are the eigenvectors with its corre-
sponding eigenvalues of covariance matrix of z. The sorted
eigenvectors by decreasing order of its corresponding eigen-
values is the most optimal with respect to information loss.

Another method to build a statistical method is GND-
PCA. It is a method to model a series of multidimensional
array proposed by McQuaid et al. [14]. Instead of using one
long vector to represent a motion model, GND-PCA uses
a tensor to represent a shape or motion model. The tensor
itself is a multidimensional array whose order is the number
of dimensions, also known as ways or modes. We will give
a brief explanation of GND-PCA. More details about GND-
PCA can be read in [14].

An 𝑁th-order tensor, denoted by A, where A ∈

𝑅
𝐼
1
×𝐼
2
×𝐼
3
×⋅⋅⋅×𝐼

𝑛 and 𝑅𝑛 denotes the set of all vectors with 𝑛 real
components. In tensor point of view, a vector and a matrix
are a tensor of order one and order two, respectively. One
diaphragm motion can be considered as third-order tensor
M, where M ∈ 𝑅

𝐼
1
×𝐼
2
×𝐼
3 (𝐼
1
× 𝐼
2
is the spatial dimension of

the diaphragm in each frame and 𝐼
3
is the number of frame).

Here, let M
𝑖
(𝑖 = 1, 2, 3, . . . , 𝑚) denote 𝑚 samples of

third-order tensor that represents diaphragm motion from
𝑚 subjects. A series of lower rank tensors M∗

𝑖
∈ 𝑅
𝐽
1
×𝐽
2
×𝐽
3

is defined as the most accurate approximation of original
tensors M

𝑖
, where 𝐽

1
< 𝐼
1
, 𝐽
2
< 𝐼
2
and 𝐽
3
< 𝐼
3
. To obtain

M∗
𝑖
, we decompose the tensors into smaller core tensors, and

their corresponding orthogonalmodematrices are shown by:

M
∗

𝑖
= C
𝑖
×
1
Y×
2
X×
3
T . (7)

The product
𝑛
X denotes the 𝑛-mode product between

the tensor and the mode matrices [14]. Figure 4 shows the
illustration of 3rd-order tensor decomposition of diaphragm
motion model.
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Figure 4: Diagram of spatial normalization and its reconstruction process to obtain diaphragm original shape.

The orthogonal mode matrices capture the variation
along the spatial (Y ∈ 𝑅

𝐼
1
×𝐽
1 and X ∈ 𝑅

𝐼
2
×𝐽
2) and time (T ∈

𝑅
𝐼
3
×𝐽
3) dimension. The core tensors (C

𝑖
∈ 𝑅
𝐽
1
×𝐽
2
×𝐽
3) control

the interaction betweenmodematrices and can be seen as the
compressed version of the original tensor.Themodematrices
can be obtained by solving the following equation:

min M𝑖 −M
∗

𝑖

 = min M𝑖 −C
𝑖
×
1
Y×
2
X×
3
T . (8)

2.4. Evaluation Methods. In this study, we evaluate the
performance of the diaphragm motion model by calculating
the mean and maximum errors of the constructed model.
Leave-one-out method is used for this evaluation [15].

The error of approximated model from each subject can
be obtained by simply subtracting each of the elements of
constructed model from the original shape and getting the
absolute value. The error of right and left diaphragm shapes
of 𝑗th subject can be mathematically written as

𝑒
(𝑗)

(𝑥, 𝑦, 𝑡) =

�̂�
𝑗

(𝑥, 𝑦, 𝑡) − 𝑧
(𝑗)

(𝑥, 𝑦, 𝑡)

. (9)

Here, we redefined the shape of normalized diaphragm by
𝑧
(𝑗)

(𝑥, 𝑦, 𝑡). We also represent the estimate by the statistical
model by �̂�(𝑗)(𝑥, 𝑦, 𝑡).

Based on this definition of error, some kinds of mean or
maximum error can be expressed. For instance, mean error
of each subject is given by

𝑒
(𝑗)

mean =
1

𝑛(𝑗)𝑇

𝑇

∑

𝑡=1

∑

𝑥,𝑦∈Ω
(𝑗)

𝑒
(𝑗)

𝑘
(𝑥, 𝑦, 𝑡) , (10)

where 𝑛(𝑗) is the number of nonzero values in the diaphragm
areaΩ(𝑗) of 𝑗th subject. Intersubject average of 𝑒(𝑗)

𝑘,mean is given
by:

𝑒mean =
1

𝑚

𝑚

∑

𝑗=1

𝑒
(𝑗)

mean. (11)

The maximum error for 𝑗th subject is given by

𝑒
(𝑗)

max = max (𝑒(𝑗) (𝑥, 𝑦, 𝑡)) . (12)

We can also calculate the intersubject average of maximum
error by

𝑒max =
1

𝑚

𝑚

∑

𝑗=1

𝑒
(𝑗)

max. (13)

Another evaluation method we used is frame-by-frame
error calculation. Frame-by-frame error is important to
analyze which respiratory phase gives the largest or smallest
error. Frame-by-frame mean error of each subject is given by

𝑒
(𝑗)

(𝑡) =
1

𝑛(𝑗)
∑

𝑥,𝑦

𝑒
(𝑗)

(𝑥, 𝑦, 𝑡) . (14)

Intersubject average of frame-by-frame error is given by

𝑒 (𝑡) =
1

𝑚

𝑚

∑

𝑗=1

𝑒
(𝑗)

(𝑡) . (15)

3. Experimental Results

Ten healthy subjects within the age ranging from 23 to 46
participated in this study. For diaphragmmotion studies, MR
images are particularly preferred than CT images since MR
images provide high soft tissue contrast to produce detailed
respiratory organs. The high contrast of MR images will be
useful during themanual diaphragm boundary segmentation
process.

In this study, MR Images were acquired using 1.5 T
INTERA ACHIVA nova-dual (Philips Medical Systems)
whole-body scanner with a 16ch SENSE TORSO XL Coil. A
2Dbalanced FFE sequencewas used.The imaging parameters
are as follows: SENSE factor: 2.2, flip angle: 45∘, TR: 2.2ms,
TE: 0.9ms, FOV: 384mm, in-plane resolution 256 × 256

pixels and 1.5 × 1.5mm2, slice thickness: 7.5mm, slice gap
= 6.0mm, and scan time: 150ms/frame and 400 frame/slice.
Normal breathing was instructed for all subjects during the
acquisition process. This image acquisition experiment was
conducted under an approval of Ethical Review Board of
Chiba University.

The software used for PCA is MATLAB 7.10 and running
on PC with Intel Core 2 Quad, 2.66GHz, 16GB RAM.
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Table 1: Percent variations and cumulative contribution up to three
principal components of 10 healthy subjects.

PC % Cum. %
1 97.4 97.4
2 1.1 98.5
3 0.7 99.2

Frame
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Figure 5: Decomposition of 3rd-order tensor into one core tensor
and three mode matrices.

3.1. PCA and GND-PCA Model Output. The contribution
ratio and cumulative up to three principal components of
right and left diaphragm motion are listed in Table 1. The
percentage of variance of first principal component is 97.4%
and 99.2% for the first three principal components.

Mapping the error of 𝑧 coordinates in the constructed
model using different number of PCswill be useful for further
analysis. Figures 5 and 6 illustrate color mapping of the error
in the first frame of the first subject given by

𝑒
(1)

(𝑥, 𝑦, 1) = �̂�
(1)

(𝑥, 𝑦, 1) − 𝑧
(1)

(𝑥, 𝑦, 1) . (16)

Note that the error is not an absolute value as expressed in
(9).

The white area represents the exact approximation, red
and blue areas indicate that estimated 𝑧 coordinates are
higher and lower than the actual position, respectively.

Figure 6 is the case when first one, first two, and first
three PCs are used in regular PCA, respectively. As shown
in Figure 6(c), the red and blue areas are decreasing. This
indicates that the model well approximated the actual shape
when the first three PCs were used.

The similar results are also shown by GND-PCA con-
struction as illustrated in Figure 7. The error color mappings
were obtained by reconstructing the model with 4 × 2 × 1,
8 × 4 × 2, 16 × 8 × 4, 32 × 16 × 8, and 64 × 32 × 16 core tensors
respectively and subtracting them from the original shape of
diaphragm. The last three core tensors showed that the red
and blue colors on the diaphragm area almost disappeared,
which means the constructed models are very similar to the
original shape.

In term of number of coefficients required to con-
struct the model, regular PCA outperformed the GND-PCA.
Table 2 shows the comparison of the number of coefficients

Table 2: Comparison of the number of coefficients required to
construct diaphragm motion model.

Regular PCA GND-PCA
PC Coef. Core tensor Coef.
First PC 1 4 × 2 × 1 8
First two PCs 2 8 × 4 × 2 64
First three PCs 3 16 × 8 × 4 512

required to construct diaphragm motion model between
regular PCA and GND-PCA.

3.2. Leave-One-Out Method Validation. We omitted one
subject as a testing subject and constructed the diaphragm
motion model using training data from the remaining nine
subjects. This model was then applied to the testing subject.
The mean error of the testing subject was calculated using
(10). The whole procedure is repeated till each of ten subjects
has become testing subject once.

Figure 8(a) shows the mean error of each subject in case
ofmodel using regular PCA andGND-PCA, respectively. For
regular PCA model, the mean error ranges are 3.8–13.4mm
for first PC, 3.6–10.2mm for first two PCs, and 3.5–10.6mm
for first three PCs. Althoughmore than 98% variability of the
diaphragm motion can be covered by the first three PCs as
shown in Table 1, the validation using leave-one-out method
showed that intersubjecting the average of mean error of the
model given by (11) is more than 4mm.

Contrary to the regular PCA, the error mean of model
by GND-PCA as shown in Figure 8(b) is much smaller. The
mean error ranges are 1.4–9.0mm for 4 × 2 × 1 core tensor,
1.4–4.0mm for 8× 4× 2 core tensor, and 0.8–2.1mm for 16 ×
8 × 4 core tensor.

Figure 9 showed frame-by-frame mean error 𝑒(𝑡) of the
model by regular PCA. As shown in this figure, 18–20th
frames indicate low mean error (about 3.9mm on average)
and 9–11th frames indicate high mean error (about 9.0mm
on average). It is probably caused by the smaller variability in
the 18–20th frames and higher variability in 9–12th frames.

Different results were obtained using GND-PCA as
shown in Figure 10. Since GND-PCA can capture both spatial
and time variability; there were no large differences of mean
error among the frames. For instance, the standard deviation
of mean error from 16 × 8 × 4 core tensors is 0.37mm, while
for three principal components of regular PCA the mean
error is 2.2mm.

Tables 2 and 3 summarize the average of mean error 𝑒mean
and average of maximum error 𝑒max. The results of GND-
PCA showed consistent reconstruction with smaller error
compared with the model constructed using regular PCA.

4. Discussion

In this paper, we described how to build a statistical model
of diaphragmmotion using PCA and GND-PCA.Themodel
was obtained from 4D MRI that reconstructed from time
sequential images of thoracic 2DMRI of ten healthy subjects.
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Figure 6: Regular PCA Error position mapping of one frame using (a) first PC, (b) first two PCs, and (c) first three PCs.

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

+10mm

−10mm
(e)

Figure 7: GND-PCA error position mapping of one frame using (a) 4 × 2× 1, (b) 8 × 4× 2, (c) 16 × 8× 4, (d) 32 × 16 × 8, and (e) 64 × 32 × 16,
core tensors.

Table 3: Leave-one-outmethod validation using regular PCA:mean
and average of maximum error position (in mm).

Used PC Regular PCA GND-PCA
Mean Max Mean Max

1st PC 9.2 15.7 5.5 13.5
1st + 2nd PCs 6.5 17.3 2.4 8.1
1st–3rd PCs 6.3 17.2 1.3 5.5

The modeling process involves manual segmentation of
diaphragm boundary, automatic motion tracking based on
the intersection profile method [3], constructing region of
interest for right and left areas of diaphragm, and normaliza-
tion of diaphragm shape.

The developed model using regular PCA can accurately
describe more than 98% of the total variation by including
the first three PCs. This indicates that most of the diaphragm
motion variability is adequately described using a few num-
ber of parameters. Consequently, the description andmotion
of the diaphragm are greatly simplified by this model.

Leave-one-out validation was employed to evaluate the
performance of the model. As shown in Table 2, the results
of regular PCA illustrated that mean error position of both
sides of diaphragmwasmore than 6.0mm, which considered
as significant error.

To build a better statistical modeling, we applied GND-
PCA [14]. Differing from regular PCA, GND-PCA is not
necessarily unfolding the diaphragm motion model into
one long vector. Instead, it decomposes the model into a
core tensor and several mode matrices for dimensionality
reduction. The mode matrices can represent the principal
axes of variation. Several numbers of core tensors are chosen

to construct the motion model. The smallest size of core
tensor is 4×2×1which is able to construct the motionmodel
under leave-one-out validation with mean error of 5.5mm.
Among the three sizes of core tensor (4 × 2 × 1, 8 × 4 × 2,
and 16 × 8 × 4); the best model construction is achieved
by 16 × 8 × 4 core tensor which gives mean error of 1.3mm.
The maximum error is also significantly reduced to 5.6mm.
Compared with regular PCA using first three PCs, the results
of GND-PCA showed significant improvement to themotion
model. Mean error obtained from frame-by-frame analysis
shown in Figure 10 also confirmed that GND-PCA is able
to capture the motion variability of the diaphragm. One of
the major drawbacks of GND-PCA is that it requires more
coefficients to construct the model compared with regular
PCA.

There are some considerations regarding the diaphragm
motion model in this study. The first is the resolution of
MR images used in this study limits the motion model for
being used in the clinical application such as radiotherapy
planning. At this stage, our main focus is to demonstrate that
GND-PCA can model the diaphragm motion with smaller
number of sample data compared with regular PCA. The
model cannot be applied for the clinical application due to
the lowMR image resolution. Higher resolution ofMR image
is required if one needs to apply the model for a clinical
application.

Second is about shape modeling approach. In this study,
we used simple spatial and temporal normalization.Although
this simple normalization is sufficient to show the efficacy
of GND-PCA compared with regular PCA, the use of other
spatial normalization techniques such as active point dis-
tribution model [16] or nonrigid registration [17] such as
thin-plate splines or cubic B-splines will provide a better
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Figure 8: The mean error of the model by (a) regular PCA from and (b) GND-PCA. The measurement unit is in mm.

0

5

10

15

1 3 5 7 9 11 13 15 17 19

M
ea

n 
er

ro
r (

m
m

)

Frame

Frame by frame mean of error-regular PCA

PCA1
PCA12

PCA123

Figure 9: Regular PCA mean of error frame-by-frame.

0

5

10

15

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

M
ea

n 
er

ro
r (

m
m

)

Frame

Frame-by-frame mean of error GND-PCA

4 × 2 × 1

8 × 4 × 2

16 × 8 × 4
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diaphragm motion modeling. We will consider this issue in
our future works.

Other consideration is that the manual segmentation
of diaphragm area can affect the final results. Manual seg-
mentation of diaphragm boundary is very subjective to the
experience of the user.Hence, the variability of the diaphragm
motionmay changewhen the diaphragmarea is resegmented.
An automatic statistical shape model of diaphragm area from

thoracic 2DMRI is needed to be developed for further work.
Although the proposedmethod in [15] can be used to develop
a statistical shape model of diaphragm, it is suited only for
respiratory-gated CT data sets. Several adjustments need to
be done to apply the method to thoracic 2D MRI.

5. Conclusion

We have developed a statistical method to model diaphragm
motion using PCA. Time-sequential 2D MRI was con-
structed from a 4D MRI and extracted to obtain a 3D
diaphragmmotionmodel. Regular PCA andGND-PCAwere
then applied to construct model. In the experiment, we
investigated that three eigenvectors or PCs with the largest
eigenvalues are sufficient to accurately describe diaphragm
motion model from ten healthy subjects. Model validation
using leave-one-out showed that GND-PCA gives more
stable reconstruction compared with regular PCA. This
concludes that GND-PCA can model the motion better
with a small number of sample data. Further works to be
done include automatic segmentation of diaphragm area and
investigation of compactness, generality, and specificity of the
model.
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A novel method is proposed to establish the classifier which can classify the pancreatic images into normal or abnormal. Firstly, the
brightness feature is used to construct high-order tensors, then using multilinear principal component analysis (MPCA) extracts
the eigentensors, and finally, the classifier is constructed based on support vector machine (SVM) and the classifier parameters
are optimized with quantum simulated annealing algorithm (QSA). In order to verify the effectiveness of the proposed algorithm,
the normal SVM method has been chosen as comparing algorithm. The experimental results show that the proposed method can
effectively extract the eigenfeatures and improve the classification accuracy of pancreatic images.

1. Introduction

Pancreatic carcinoma is a frequent digestive tract tumor. The
malignant degree of this kind of cancer is always very high,
and it is difficult to be early diagnosed and treated. Due to
the fact that pancreatic carcinoma is often diagnosed when
it is advanced, very few pancreatic tumors can be removed
by operation. As we know, many famous people died of this
disease. So, it is necessary to diagnose pancreatic carcinoma
as early as possible. Computer-aided diagnosis (CAD) [1]
technology was established with the development of image-
processing technology and pattern recognition technology.
Researching of CAD technology shows that CAD can provide
advisory opinions for the doctor and help to improve the
diagnostic rate. With the development of medical imaging,
it is important to represent the pancreas by a model and it is
also important to try to distinguish different appearance of
pancreas.

Tensors are geometrical quantity that is used to describe
linear relations among vectors, scalars, and other tensors. In
this paper, the pancreas CT images can be treated as several
third-order tensors, and then we extract the feature to gain
the eigentensors for classification.

Principal component analysis (PCA) [2] is a famous
method used in the recognition of subspace, which is one
of the classical methods based on statistical feature. The core
idea of PCA is to reduce the dimensionality of a dataset that
consisted of a larger number of interrelated variables and,
in the meantime, try to retain the variation in the original
dataset as much as possible [3]. But this method has two
problems.

(1) Basic using of PCA to transfer tensor objects to high-
dimension vector (vectorization) obviously results in
high cost of processing and memory in next step [4].
For example, if there is a gray image (640 × 640), the
vectorwhich the image transfers towill be 409600 × 1.

(2) In using PCA, reshaping breaks the natural structure
and correlation in the original data [4], which may
affect the subsequent operation and lead to bad
results.

In order to solve these problems, this paper uses multilin-
ear principal component analysis (MPCA) referred to in [4].
MPCA follows the classical PCA paradigm and multilinear
algorithm, to ensure the fact that it is able to reduce all the
tensor dimensionality and that it is also able to get more
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Figure 1: The main flow of the proposed method.

variational forms among the original tensors with tensorial
mapping to keep original structure and correlation [4].

Support vector machine (SVM) [5] is commonly used to
train a classifier. The main factor to affect the classification
performance is the parameters used in SVM. Recently, there
are many algorithms for SVM parameters optimization, such
as ant colony (ACO) algorithm [6], simulated annealing
(SA) algorithm, genetic algorithm (GA) [7], and quantum
genetic algorithm (QGA) [8, 9]. SA is a generic probabilistic
algorithm, which is good at locating the optimal solution of
the variable in a large search space. The advantages of SA are
described as follows.

(1) The objective function can be nonlinear, discontinu-
ous, and random.

(2) The objective function can have any boundary condi-
tions and constraints.

(3) The programming workload of SA is low, so that it is
easy to be implemented.

(4) In statistics, we can find the optimal solutions.
But there are also some problems of SA. For example,

rapid cooling can lead to simulation hardening which cannot
be ensured to find the optimal solution. Quantum evolution
algorithm (QEA) [10] is also a probability optimization algo-
rithm. QEA has good searching ability for low dimensional
function. However, it is not good for high dimensional
functions.Therefore, in this paper, we use quantum simulated
annealing algorithm (QSA) [11], which is the combination
of SA and QEA, to optimize SVM parameters for training
classifier of pancreatic diseases. This paper is organized as
follows. Section 2 introduces the proposedmethod; firstly, we
will explain the construction of high-order tensor, then we
briefly introduce themethod ofMPCA for feature extraction,
and finally we introduce the support vector machine of
quantum simulated annealing algorithm optimization (QSA-
SVM) for classification. Section 3 presents the construction of
pancreas images after MPCA and the results of classification,
and we discuss the future of clinical implications of the
results. In Section 4, we conclude the works in this paper.

2. Materials and Method

In this section, firstly we will introduce the whole procedure
of the proposedmethod, which is shown in Figure 1, and then
we give a detailed explanation of each process.
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3-mode
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Figure 2: Illustration of the pancreatic CT image as a third-order
tensor.

The process of the proposed method is as follows.

(1) Image preprocessing: first, we segment the CT images
of abdomen to gain the pancreas region of image, and
then we normalized the images after segmentation.

(2) High-order tensors construction: at first, we collect a
group of pancreatic images and then combine them
into a new dataset.

(3) The feature extraction: in this paper, we use the
method of MPCA to extract the eigentensors for
classification.

(4) Pancreas diseases classification based on QSA-SVM:
after we obtain the eigentensors by MPCA, we can
treat the eigentensors as samples, and then we use
the approach of SVM optimized by QSA to classify
pancreas diseases.

2.1. Construction of Tensors. We treat the segmented pan-
creatic CT images as several third-order tensors with the
column, row, and thickness modes. In this paper, we treat
each CT image as one data sample. Hence, the input is several
third-order tensors and the spatial column space, row space,
and the thickness space were regarded as its three modes, as
shown in Figure 2.
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Pseudocode 1: Pseudocode of the local optimization.

The size of each image is standard 128 × 128; the thickness
of the CT image is 2.77mm. Before providing the samples
to MPCA, the tonsorial inputs need to be normalized to the
same dimension in each mode, so the three modes of the
tensor are normalized by default, and we can consider one
sample as 𝐴 ∈ 𝑅

𝐼
1
×𝐼
2
×𝐷
3 .

2.2. Feature Extraction Based on MPCA. In this paper, an
MPCA [4] solution to the problem of dimensionality reduc-
tion for tensor objects is introduced; its research and analysis
are also included. First we provided a series of zero-mean
value N-order tensor 𝑥

𝑚
∈ 𝑅
𝐼
1
×𝐼
2
×⋅⋅⋅×𝐼

𝑁 , we need to gain a
group of newN-order tensor, 𝑦

𝑚
∈ 𝑅
𝐽
1
×𝐽
2
×⋅⋅⋅×𝐽

𝑁 (𝐽
𝑛
< 𝐼
𝑛
), that

needs to be closed to the original tensor as much as possible.
The procedure of MPCA algorithm is shown in Figure 3.

In the preprocessing phase, we center the input original
tensors 𝑥

𝑚
as 𝑥
𝑚

= 𝑥
𝑚

− 𝑥, 𝑚 = 1, . . . ,𝑀, where M is the
number of the samples, and the tensormean can be described
as follows:

𝑥 =
1

𝑀

𝑀

∑

𝑚=1

𝑥
𝑚
. (1)

In the initialization phase, we calculate the eigende-
composition of 𝜙
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corresponding to the most significant 𝐽
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eigenvalues, for

𝑛 = 1, . . . , 𝑁 (𝑁 = 3).

In the local optimization phase, wewill focus on doing the
local optimization to obtain the new N-order tensors 𝑦

𝑚
; the

detailed method of the optimization is given in [4] and the
pseudocode of the method is shown as Pseudocode 1. In the
pseudocode,Ψ

𝑦
is the total tensor scatter of𝑦

𝑚
,𝑚 = 1, . . . ,𝑀,

M is the number of the samples, and𝜙
(𝑛) can be defined as (2).

In (2), 𝑈
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is the mean mapping matrix of 𝜙(𝑛−1):

𝜙
(𝑛)

=

𝑀

∑

𝑚=1

𝑍
(𝑛)

⋅ 𝑈
𝜙(𝑛)

⋅ 𝑈
𝑇

𝜙(𝑛)
⋅ 𝑍
(𝑛)
𝑇 ,

𝑍
(𝑛)

= 𝑋
𝑚(𝑛)

− 𝑋
(𝑛)

,

𝑈
𝜙(𝑛)

= (𝑈
(𝑛+1)

⊗ ⋅ ⋅ ⋅ ⊗ 𝑈
(𝑛+𝑁)

⊗ 𝑈
(1)

⊗ ⋅ ⋅ ⋅ ⊗ 𝑈
(𝑛−1)

) .

(2)

In the projection phase, we project the centralized eigen-
tensors 𝑥

𝑚
using the nthmappingmatrix𝑈(𝑛) obtained by the

local optimization phase to get the new eigentensors 𝑦
𝑚
. It is

shown as follows:
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(3)

We used the eigenvector 𝑦∗
𝑚
projected by the eigentensors

𝑦
𝑚
for classification [4].

2.3. Construction of the Classifier

2.3.1. Concept of Quantum Bit and Quantum Gate. The term
quantum comes from quantummechanics. Quantum, which
is the general name of all microscopic particles in the
microscopic world, is different from the macroscopic object.
Its movements obey the statistical law, not the deterministic
law. Compared with the classical computing using 0 and 1 to
represent information, the quantum computing uses |0⟩, |1⟩
and their superposition state to represent information. The
superposition state is as follows:

𝜑⟩ = 𝛼 |0⟩ + 𝛽 |1⟩ , s.t. 𝛼2 + 𝛽
2

= 1. (4)

Themeasurement of quantum state can cause the collapse
of quantum state, so that the final state can be confirmed.
The relationship of quantum state, superposition state, and
the collapse caused by measurement is shown in Figure 4.

In the quantum computing, the quantum state changes
when we have a series of unitary transformations on it. The
equipment (a unitary matrix) is called quantum gate which is
as follows:

[
cos 𝜃 − sin 𝜃

sin 𝜃 cos 𝜃 ] . (5)



4 Computational and Mathematical Methods in Medicine

Superposition Measurement

Excited state

Superposition state

Ground state |0> Choosing state |0> with probability 𝛼2

𝛼|0> + 𝛽

Choosing state |1>

|1>

|1> with probability 𝛽2

Figure 4: The relationship of the three states.

We exchange two probability amplitudes of a quantum bit
by the quantum gate as follows

[
0 1

1 0
] [

𝛼

𝛽
] = [

𝛽

𝛼
] . (6)

2.3.2. Construction of the Classifier Based on QSA. We use
SVM to train the classifier. SVM can be used to solve some
problems, such as the small number of samples, nonlinear,
high dimension pattern recognition, and local minimum
point, but if the selection of the kernel function parameters,
penalty factor 𝐶, or other parameters is not reasonable,
the SVM prediction accuracy will be greatly reduced in
classification process.

In this paper, QSA is used for optimizing the SVM
parameters, penalty factor C, and the parameter of RBF 𝛾.

We assume that there arem chromosomes in the popula-
tion and n quantum bits in a chromosome. In QSA, the two
probability amplitudes of the quantum bit are treated as the
chromosome gene. In the fixed population scale, it can make
the search space double, so that the convergence speed will be
fast. In fact, the optimal solution is embodied in the optimal
probability amplitude of the quantum bit of the optimal chro-
mosome. We assume that the optimal probability amplitude
is (cos𝜑

1
, cos𝜑

2
, . . . , cos𝜑

𝑛
), when another chromosome has

the quantum bits (𝜋/2 − 𝜑
1
, 𝜋/2 − 𝜑

2
, . . . , 𝜋/2 − 𝜑

𝑛
), the sine

item of this chromosome also has the optimal solution.
In the following description, we set that Φ

𝑖
is the ith

chromosome in the population, 𝜃
𝑖𝑗
is the phase, 1 ≤ 𝑖 ≤

𝑚, 1 ≤ 𝑗 ≤ 𝑛. For C, its value ranges from 2
−10 (min c) to

29 (max c) and for 𝛾, its value ranges from 2
−10 (min g) to 210

(max g).
The main flow of QSA-SVM is shown in Figure 5.

Step 1. Initialization of parameters.
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=
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Step 3. Solution space transformation for chromosomes and
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Figure 5: The flow of QSA-SVM.

use the linear transformation [12] as (7) to transform to the
solution space. In (7), 𝑋𝑗 is one gene on chromosome, min
and max, respectively, are minimum and maximum of 𝑋𝑗 in
practice, 𝑋𝑗

𝑖𝑐
is the corresponding cos solution of phase 𝜃

𝑖𝑗
,

and 𝑋
𝑗

𝑖𝑠
is the sin solution. In our method, 𝑋𝑗can represent

the penalty factor C or the parameter of RBF 𝛾:

[

𝑋
𝑗

𝑖𝑐

𝑋
𝑗

𝑖𝑠

]

=
1

2
[

1 + cos 𝜃
𝑖𝑗

1 − cos 𝜃
𝑖𝑗

1 + sin 𝜃
𝑖𝑗

1 − sin 𝜃
𝑖𝑗

][

max
min

] , 𝑋
𝑗

∈ [min,max] .

(7)

We use the SVM prediction accuracy as the fitness of
chromosomes and leave one out (LOO) to evaluate.Then, we
keep all information of the optimal individual.

Step 4. Computing the annealing temperature T. In (8),
gen is the iterations, T

0
is the initial temperature, and 𝛼 is
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Figure 6: Illustration of samples. (a) Normal pancreas. (b) Abnormal pancreas.

(a) (b)

Figure 7: Illustration of the mean figure of the samples. (a) The mean of the normal samples. (b) The mean of the abnormal samples.

the cooling ratio of simulated annealing to control the rate of
cooling:

𝑇 = 𝛼
gen

× 𝑇
0
. (8)

Step 5. The position update of new individual. We divide the
neighborhood space for phase and then generate a random
update vector 𝑆, which specifies the location of the phase
for updating. One phase is selected randomly to get a new
chromosome in the neighborhood space. If the fitness of new
chromosome is better than the old one, wewill replace the old
with the new one. We update the designated quantum bits by
𝑆 through quantum gate according to the above.

Step 6. According to the Metropolis criterion, we update
the chromosomes. The probability of new chromosomes
acceptation obeys the Boltzmann probability distribution. In
(9), fit(𝜙

𝑖
) is the fitness of parent chromosome 𝜙

𝑖
and fit(𝜙

𝑖
)

is the fitness of child chromosome. If fit(𝜙
𝑖
) is greater than

fit(𝜙
𝑖
), the new chromosomewill be acceptedwith probability

1. Otherwise, the new chromosome will be accepted with
probability 𝑝

𝑖
:

𝑃 (𝜙
𝑖
= 𝜙


𝑖
) = {

1 fit (𝜙
𝑖
) > fit (𝜙

𝑖
)

𝑝
𝑖

fit (𝜙
𝑖
) ≤ fit (𝜙

𝑖
)
,

𝑝
𝑖
=

1

1 + exp [(fit (𝜙
𝑖
) − fit (𝜙

𝑖
)) /𝑇]

.

(9)

Step 7. Implement quantum variation operation using the
following:

𝜃


𝑖𝑗
=

𝜋

2
− 𝜃
𝑖𝑗
. (10)

Step 8. Update the current individuals and execute Step 3 to
get the global optimal individual.

Step 9. Determine if it has met the end conditions true is the
end to return the optimal parameters and false goes to Step 4.

Step 10. Use the optimal parameters to train an SVM classi-
fier.

After we obtain the classifier using optimal parameters,
wewill use it to classify the testing samples.Then, we compare
the classification labels with the known labels, so that we can
get the classification accuracy for evaluating the performance
of classifier. It is shown as (11). TN is the total number of
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Table 1: Accuracy of centered data and not centered data using
SVM.

𝛾 𝐶 Centered data Not centered data
0.375 145 71.43% 46.33%
0.165 120 71.42% 43.66%
0.100 200 68.29% 38.54%
0.325 350 65.63% 37.53%

Table 2: Experiments result of QSA-SVM.

𝛾 𝐶 Accuracy Time
412.3415 20.0268 92.8571% 134.33 s
459.1865 127.9188 94.6429% 134.83 s
357.8127 95.1239 91.0714% 114.28 s
465.7957 30.7913 96.4286% 111.06 s
1020.5 267.1588 98.2143% 152.23 s

testing samples, and CN is the number of testing samples
which are classified correctly:

Accuracy =
CN
TN

. (11)

3. Results and Discussion

We select 114 groups of pancreas images; among them 81
groups are normal and 33 groups are abnormal. The res-
olution of each image is 128 × 128 and the thickness is
2.77mm. Among these 114 groups, we select 40 groups of
normal images and 16 groups of abnormal images as the
testing samples and others as the training samples.

Figure 6 shows two images; one of them is normal data
and the other one is abnormal data.The pancreatic morphol-
ogy of abnormal data is thick and big.

We can see the mean of the samples of each 81 normal
pancreas and 33 abnormal pancreas in Figure 7.

In this paper, we use the SVM method to classify the
pancreas data.We can see several results in Table 1. In Table 1,
𝛾 is the parameter gamma of the kernel function RBF and C
is the penalty factor. From Table 1, we can see that the results
on centered data are significantly better than the results on the
data without centering, so the variation capture with respect
to the data center is more powerful in classification than
variation capture with respect to the original data.

The experimental result of 5 groups of QSA-SVM is
shown in Table 2. We can see that the mean operation
duration is approximate 129.35 s, the mean accuracy of
classification is 94.64%, the parameter gamma of the kernel
function RBF 𝛾, and the mean values of penalty factor C are
543.12728 and 108.20392.

Compared with other classifiers, the accuracy of QSA-
SVM is better which is shown in Figure 8. And in Figure 9,
the comparison of running time is shown.

Classifier BPNN is BP neural network, the accuracy is
25% and the running time is 6.76 s; classifier Fisher is fisher
linear classifier, the accuracy and running time are 35% and
0.98 s; classifier SVM is the common SVM, the accuracy is
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Figure 8: Classification accuracy of pancreas images using 5
classifiers.
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Figure 9: Classification time of pancreas images using 5 classifiers.

71.4286% and the running time is only 0.13 s; classifier ACO-
SVM [13, 14] is the optimized classifier SVM using ant colony
algorithm which has the same accuracy with common SVM,
but the running time is 544.51 s, it is much slower than the
proposed method. As Figure 8 shows, QSA-SVM has better
efficiency in classification than others, and in Figure 9, it is
slower than several methods, but it is faster than ACO-SVM
which is also able to optimize the parameters of SVM.

At present, radiologists usually diagnose pancreatic dis-
eases with their own experience and the morphology infor-
mation of image. But missed diagnosis sometimes inevitably
happened due to individual differences of patients or limita-
tion of doctor’s knowledge of image information. Hence, the
proposed method can be used in CAD technology and give
early diagnosis of pancreatic diseases in the acceptable time
of doctor, so that the classifier can help doctors to diagnose
the disease of patient and improve diagnosis rate of disease.

4. Conclusions

In this paper, tensors have been used to represent the image
and MPCA extended linear PCA to multilinear subspace
learning for the tensor object analysis, and QSA-SVMmeth-
od has been proposed to classify images. As an application for



Computational and Mathematical Methods in Medicine 7

classifying pancreatic images, the method combining MPCA
and QSA-SVM achieved the better classification accuracy,
because MPCA method can preserve the relationship of
features in the original tensor and the structure of the original
image asmuch as possible; in the acceptable time, QSAwhich
was used for optimizing SVM classified model is able to
find the optimal model parameters. Therefore, the proposed
method can improve the classification accuracy of pancreatic
images and then assist doctors to diagnose diseases.
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3Dmedical images arewidely used to assist diagnosis and surgical planning in clinical applications,where quantitativemeasurement
of interesting objects in the image is of great importance. Volume rendering is widely used for qualitative visualization of 3Dmedical
images. In this paper, we introduce a volume-rendering-based interactive 3D measurement framework for quantitative analysis of
3D medical images. In the framework, 3D widgets and volume clipping are integrated with volume rendering. Specifically, 3D
plane widgets are manipulated to clip the volume to expose interesting objects. 3D plane widgets, 3D line widgets, and 3D angle
widgets are then manipulated to measure the areas, distances, and angles of interesting objects. The methodology of the proposed
framework is described. Experimental results indicate the performance of the interactive 3D measurement framework.

1. Introduction

Modern medical imaging (such as CT, MRI, and optical
CT) can produce 3D images, which have been widely used
to assist qualitative and quantitative diagnosis in clinical
applications. One of the commonest needs in these image-
guided diagnoses is quantitative measurement of the inter-
esting object in the image. Although various automated and
semiautomated image processing methods (such as segmen-
tation and registration) have been proposed to improvemeas-
urement efficiency, they have not achieved the accuracy by in-
teractive measurement with human experience. Therefore,
currently interactive measurement methods are still com-
monly used in practical applications. However, most existing
methods perform interactive measurement on each of the
three orthogonal slices. This way is not intuitive enough and
requires the operator to reconstruct stereoscopic structure of
the interesting object in his mind. The idea to directly per-
form interactive measurement in 3D space is thus inspired,
where volume visualization technology should be used.

Surface rendering and volume rendering are two main
branches of volume visualization. After segmentation and re-
construction, surface rendering can display the extracted sur-
face very fast with powerful graphics hardware. Compared

with surface rendering, volume rendering is computationally
expensive. However, it can visualize the volume directly with-
out the segmentation and reconstruction operations. With
the growing of the computational performance of themodern
computer, the volume rendering is becoming very popular
for volume visualization. Generally, volume rendering is just
used for qualitative display of the volume. To achieve vivid
and accurate 3D measurement based on volume rendering,
two key problems should be addressed: (1) how to in-
teractively explore the volume in 3D space and measure the
in-teresting object; (2) how to display the volume, interest-
ing object, and human-machine interaction tool in the 3D
scene properly.We have proposed a volume-rendering-based
interactive 3Dmeasurement framework, which integrates 3D
widgets and volume clipping with volume rendering, to ad-
dress the above problems.

Volume clipping is the commonest way to cut away un-
wanted parts of the volume and expose the interesting object.
In [1], clipping geometries based on stencil buffer test were
introduced to cut the volume. Taking advantages of 3D tex-
ture operations on graphics hardware, Sommer et al. [2] im-
plemented arbitrary clip planes for volume exploration. Sev-
eral clippingmethods, such as depth-based clipping and volu-
metric clipping, were proposed in [3] to implement complex
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geometries for volume exploration. Besides, Khanduja and
Karki [4] combined clipping with multiresolution rendering
to visualize large-scale 3D datasets. Although these methods
achieved good clipping results, they did not attempt to ma-
nipulate the clipping immersively in 3D space. Thus, we use
3Dwidgets, instead of traditional panel widgets such as push-
buttons and sliders, to assist immersive volume clipping and
implement 3D measurement.

3D widget was introduced by Conner et al. [5]. It can be
considered as an encapsulation of geometry and behavior that
is used to adjust the controlled objects. Many publications
have reported the use of 3D widgets in immersive volume
clipping [6–11]. For instance, McGuffin et al. [12] applied 3D
widgets to browse volumetric data. Huff et al. [10] devel-
oped three interactive 3D widgets (i.e., eraser, digger, and
clipper) for volume sculpting and visualization. However,
almost all reported volume-rendering-based immersive clip-
ping andmeasurementmethods (with 3Dwidgets) depended
on texture-based volume rendering [13]. Immersive volume
clipping and measurement strategies based on other volume
rendering algorithms (such as ray casting, splatting, and
shear warp) are seldom described. For texture-based volume
rendering, the volume is resampled to multiple textured pol-
ygons (with depth information), which are then rendered in
3D space. Therefore, using texture-based volume rendering,
the clipped volume, intersection images between the volume
and clipping geometries, and 3D widgets can be displayed
correctly in 3D space. Nevertheless, for the other volume ren-
dering algorithms, a 2D projection image is calculated di-
rectly as the final rendering result; therefore, intermediate
textured polygons with depth information cannot be ob-
tained, making the realization of vivid clipping and measure-
ment in 3D space challenging.

Compared with existing measurement methods, the fea-
tures of our interactive 3D measurement framework are de-
scribed as follows: (1) 3D plane widgets are designed to im-
mersively manipulate volume clipping to expose interesting
objects and also measure areas of interesting objects; (2) var-
ious volume rendering algorithms (such as ray casting, splat-
ting, and shear warp) are supported, regardless of CPU-based
or GPU-based implementations; (3) the clipped volume, in-
tersection images between the volume and clip planes, and
3D widgets can be displayed correctly; (4) 3D line widgets
and 3D angle widgets are designed to measure distances and
angles of interesting objects, respectively. The methodology
of our interactive 3D measurement framework is introduced
in Section 2. Representative experimental results using the
measurement framework are demonstrated in Section 3. The
conclusion and future work are presented in Section 4.

2. Methods

To achieve immersive volume clipping and measurement
with 3D widgets, two requirements must be fulfilled: (1)
all models (such as the clipped volume, intersection images
between the volume and clipping geometries, and 3D wid-
gets) in the 3D scene should be rendered correctly; (2) the
widgets should be manipulated “look right” and the parame-
ters adjusted by the widgets should be precise. We thus place

Ray
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World

Screen

Light

Model (g
rid)

Figure 1: Integrated rendering environment. There are five coordi-
nate systems. All models (such as the clipped volume, intersection
images between clipping geometries and the volume, and 3D
widgets) placed in the view space are rendered onto the screen.

all models in an integrated rendering environment (which is
illustrated in Figure 1) for accurate rendering and immersive
volume clipping and measurement. It is worth noting that
the center of the volume is always located in the intermediate
plane (see Figure 5) of the view space.

2.1. Integrated Rendering Environment. There are five coor-
dinate systems in the rendering environment, including the
coordinate system of the volume grid spaceG, the coordinate
system of the volume model space M, the world coordinate
system W, the coordinate system of the view space V, and
the screen coordinate system S.W is the absolute coordinate
system where the volume and widgets are placed. The view
space defines the visible region in𝑊.The coordinate transfor-
mation from the grid space to the screen space can be written
as

𝑆

𝑋 =
𝑆

𝑇
𝑉
⋅
𝑉

𝑇
𝑊
⋅
𝑊

𝑇
𝑀
⋅
𝑀

𝑇
𝐺
⋅
𝐺

𝑋, (1)

where 𝐺X is the position of each voxel in G and 𝑆X is the
transformed coordinate value in 𝑆. Both of them can be
denoted as [x, y, z, 1]𝑇. 𝑀T

𝐺
, 𝑊T
𝑀
, 𝑉T
𝑊
, and 𝑆T

𝑉
can be

written in a unified format 𝐽T
𝐼
, which is a 4 × 4 matrix

representing the transformation from the coordinate system
𝐼 to the coordinate system 𝐽. In the environment, each widget
is rendered using OpenGL directly, while the clipped volume
is rendered using volume rendering (such as ray casting,
splatting, and shear warp).

2.2. 3D Widgets. A 3D widget can be regarded as an inte-
gration of geometry and manipulation, which is used to ad-
just other controlled objects [12]. The 3D plane widget, 3D
line widget, and 3D angle widget used in our interactive 3D
measurement framework are illustrated in Figure 2. The 3D
plane widget (see Figure 2(a)) is composed of a clip plane,
four vertices (implemented with spheres), and four edges
(implemented with cylinders). The 3D plane widget can be
manipulated by 2Dmouse to achieve the following operations
(see Figure 2(d), from left to right, top to bottom): rota-
tion around a central axis, horizontal translation, arbitrary
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Figure 2: 3D widgets used in our interactive 3D measurement framework. (a) 3D plane widget. (b) 3D line widget. (c) 3D angle widget. (d)
Operations related to the 3D plane widget. 3D plane widgets are used to clip the volume and measure the areas of interesting objects. 3D line
widgets and 3D angle widgets are used to measure distances and angles of interesting objects, respectively.

rotation, extension or shrinkage, zoom, and vertical trans-
lation. Using 3D plane widgets, the volume can be clipped
immersively to expose interesting objects (details on volume
clipping with 3D plane widgets are described in Section 2.3).
Similarly, 3D line widgets (see Figure 2(b)) and 3D angle
widgets (see Figure 2(c)) can be manipulated immersively
in 3D space to measure distances and angles of interesting
objects, respectively.

With the selection mechanism of OpenGL, the widget
in𝑊 can be manipulated by 2D mouse. We take the manip-
ulation of the 3D line widget for an example to depict the
implementation detail. Given that an arrow of the 3D line
widget is selected and moved, the position of the arrow in
the world coordinate system 𝑊 is 𝑊𝑋

𝑎
. The previous and

current positions of the mouse cursor on the screen are,
respectively, [𝑥old, 𝑦old, 0, 1]

𝑇 and [𝑥new, 𝑦new, 0, 1]
𝑇. Then

we can get the corresponding coordinates, denoted as 𝑊𝑋old
and 𝑊𝑋new, in𝑊 by

𝑊

𝑋 =
𝑊

𝑇
𝑉
⋅
𝑉

𝑇
𝑆
⋅
𝑆

𝑋, (2)

whereafter, the vector of the mouse movement in𝑊 can be
calculated by

𝑊

𝑉 =
𝑊

𝑋new −
𝑊

𝑋old. (3)

Then the new position of the arrow in𝑊 can be obtained as
follows:

𝑊

𝑋
𝑎
←
𝑊

𝑋
𝑎
+
𝑊

𝑉. (4)

The manipulations of the 3D angle widget and 3D plane
widget are similar.

Provided that the positions of the two arrows of the 3D
line widget in the world coordinate system𝑊 are 𝑊𝑋

𝑎
and

𝑊

𝑋
𝑏
, respectively, then the distance of the 3D line can be

calculated easily as ‖𝑊𝑋
𝑎
−
𝑊

𝑋
𝑏
‖. Given the three vertices

for the 3D angle widget and four vertices for the 3D plane
widget (see Figure 2), the respective angle and area can also
be calculated very easily.

2.3. Volume Clipping with 3D Plane Widgets. The clipped
volume and 3D planewidgets are rendered by two steps. First,
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Figure 3: The calculation of the projection image using ray casting. (a) Intersections between the ray and volume. (b) Intersections between
the ray and clip planes.

the projection image of the clipped volume is calculated by
volume rendering. Then, the projection image and 3D plane
widgets are rendered to obtain the final rendering image.

2.3.1. Projection of the Clipped Volume Using Volume Render-
ing. We have implemented three volume renderers to obtain
the projection image of the clipped volume, including ray
casting, splatting, and shear warp, which are based on the ray-
casting, splatting, and shear-warp algorithms, respectively.
All of these algorithms finally can come down to the recursive
front-to-back composition [7]:

𝑐 ← 𝐶
𝑆
⋅ 𝛼
𝑆
⋅ (1 − 𝛼) + 𝑐,

𝛼 ← 𝛼
𝑆
⋅ (1 − 𝛼) + 𝛼,

(5)

where 𝑐 and 𝛼 are, respectively, the accumulated color and
accumulated opacity and 𝐶

𝑆
and 𝛼

𝑆
are, respectively, the

current sampling color and sampling opacity. However,
the ray-casting, splatting, and shear warp are implemented
differently (i.e., image order, object order, and hybrid, resp.).
The implementation details of the renderers are described as
below.

The Ray-Casting Renderer. Figure 3 illustrates the approach
used by ray casting to obtain the projection image. The
bounding box formed by projecting the volume to the
screen is figured out in advance. The accumulated color and
accumulated opacity of each pixel in the bounding box are
initialized to zeros. The finally accumulated value of each
pixel in the bounding box is calculated as follows.

(1) Cast a ray from the origin of 𝑉 to the pixel and
initialize 𝑆 and 𝐸 to the start and end positions of the
ray in the view space, respectively.

(2) Assume the ray intersects against the volume sequen-
tially at 𝑐 and 𝑑 and let 𝑆 = 𝑐 and 𝐸 = 𝑑.

(3) For each clip plane, the half space of the normal is
preserved, and the rest is removed.

(4) Assume the two intersections between the ray and
the planes are 𝑎 and 𝑏, respectively. Discard the line

segments out of the clip planes, and let 𝑆 = 𝑎 and
𝐸 = 𝑏.

(5) Traverse from 𝑆 to 𝐸, calculate opacity and color at
each sampling place, and compute the final accumu-
lated color and accumulated opacity recursively ac-
cording to (5).

After all pixels within the bounding box are processed, the
projection image is obtained.

The Splatting and Shear Warp Renderers. The two renderers
calculate the projection image based on the sheet which is an
axis-aligned volume slice that is most parallel to the screen.

(A) Splatting: voxels are splatted scanline by scanline in a
sheet. For each scanline in the sheet, all segments out
of the clip planes are removed (the clipping of scanline
is described in “(C) Scanline Clipping” and illustrated
in Figure 4). In the preserved segment, the color and
opacity of each voxel are calculated.Then all voxels are
projected onto the screen and the splats are added into
a sheet buffer. After all scanlines within the sheet are
processed, the sheet buffer is composited with an ac-
cumulated buffer by (5). The final projection image is
obtained by traversing the volume from the nearest
sheet to the farthest sheet.

(B) Shear warp: the volume is also traversed from the
nearest sheet to the farthest sheet, and each sheet is
traversed in scanline order as well. After each scanline
in a sheet is clipped, its preserved segment is trans-
formed to the shear space.Then each voxel in the seg-
ment is projected onto the plane of the intermediate
image. The color and opacity of each voxel are dis-
tributed to a sheet buffer. After traversing all scanlines
within the sheet, we composite the sheet buffer with
the intermediate image according to (5). Once the in-
termediate image is formed after processing all sheets,
the final projection image is obtained by projecting
the intermediate image onto the screen.

(C) Scanline clipping: in splatting and shear warp, each
scanline is clipped in the coordinate system G.
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Figure 4:The clipping of a scanline.The segment (
→
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in the half space of the normal (𝑁 in this figure) of the clip plane is
finally preserved and used for splatting and shear warp.

Figure 4 illustrates the clipping of a scanline. Assume
that (1) the origin and normal of the clip plane in the
grid space are 𝑂 and 𝑁, respectively; 𝐹 and 𝐿 are,
respectively, the first and last voxels in the scanline;
the scanline intersects against the clip plane at 𝐾; 𝑉

𝑆

and 𝑉
𝐸
are, respectively, the first and last voxels of

the finally preserved segment. Then the scanline is
clipped as follows.

(1) Let 𝑉
𝑆
= 𝐹 and 𝑉

𝐸
= 𝐿.

(2) Calculate the dot product of →𝑂𝐹 and N by𝐷
𝐹
=

→
𝑂𝐹⋅𝑁 and the dot product of →𝑂𝐿 andN by𝐷

𝐿
=

→
𝑂𝐿 ⋅ 𝑁.

(3) If𝐷
𝐹
> 0 and𝐷

𝐿
< 0, let 𝑉

𝐸
= 𝐾. If𝐷

𝐹
< 0 and

𝐷
𝐿
> 0, let 𝑉

𝑆
= 𝐾.

If𝐷
𝐹
> 0 and𝐷

𝐿
> 0, the entire scanline is pre-

served and keep 𝑉
𝑆
= 𝐹 and 𝑉

𝐸
= 𝐿.

Else the entire scanline is removed and let 𝑉
𝑆
=

0 and 𝑉
𝐸
= 0.

2.3.2. Rendering the Projection Image and 3D Plane Widgets.
Assume that (1) A, B, C, and D (see Figure 5) are the four
vertices of the projection image obtained in Section 2.3.1;
(2) O is the origin of V ; (3) OA, OB, OC, and OD intersect
against the intermediate plane of the view space at E, F, G,
and H, respectively. The projection image is then textured
and mapped onto the rectangle EFGH. Finally, all widgets
are rendered at exact positions. As shown in Figure 5, there
may be an intersection error between the mapped texture
of the projection image and each clip plane. By setting the
clip planes to be completely transparent, we can eliminate
the intersection errors. However, sometimes we also want to

display the intersection images between the volume and clip
planes, which can be achieved by the following steps.

(1) After creating the texture 𝑇
𝑃
from the projection

image, compute the intersection images between the
volume and clip planes, and creating textures from the
intersection images.

(2) Map 𝑇
𝑃
onto the rectangle EFGH and render the 3D

planewidgets with completely transparent clip planes.
(3) For each 3Dplanewidget,map the texture of the inter-

section image onto the clip plane if the intersection
image faces the view direction.

3. Experimental Results

A group of experiments are performed on a Windows PC
(with an Intel Core2 1.86GHz processor and 1GB physical
memory) to demonstrate the validity of our interactive 3D
measurement framework. Firstly, a simulated volume with
four highlighted voxels is tested for the validation of the
accuracy of the interactive 3D measurement. Secondly, real-
istic CT and MR images are tested in the experiments. The
simulated volume is shown in Figure 6(a). The simulation is
described as below: (1) the volume size and voxel size are 81×
81× 81 and 1 × 1 × 1mm3, respectively; (2) the values of the
background, edges, and 4 highlighted voxels of the volume
are 10, 50, and 255, respectively; (3) the 4 highlighted voxels
make a square whose edge length is 40mm. The realistic CT
image is from the School of Psychology at the University of
Nottingham, and the MR image is from Beijing Shougang
Hospital. The size and spacing of the CT image are 208 ×
256×225 and 1×1×1 (mm3), respectively.The size and spac-
ing of the realistic MR image are 256 × 256 × 124 and 0.86 ×
0.86 × 1.7 (mm3), respectively.

To validate the accuracy of the interactive 3D measure-
ment, we interactively explore the simulated volume and
measure the length of the edge, the half angle between the
neighboring edges, and the area of the square by using the 3D
line widget, 3D angle widget, and 3D plane widget, respec-
tively. The measured length (40.05mm), angle (45.03 deg),
and area (1600.4mm2) are very close to the simulated ones
(40mm, 45 deg, and 1600mm2, resp.). The measurement
errors are within 1mm, 1 deg, and 1mm2. It is worth noting
that more accurate measurement results could be reached by
interactivelymanipulating the 3Dwidgetsmore carefully.The
experiments indicate that the interactive 3D measurement
technology can achieve sufficient accuracy.

The CT image is interactively explored using 3D plane
widgets. Figure 7 shows representative volume clipping re-
sults based on ray casting, splatting, and shear warp renderers.
In addition, the rendering efficiency is measured using the
following parameters.

(1) The screen size is 948 × 618. The volume model is
rotated to a certain orientation to form a 290 × 386
projection image.

(2) The volume is rendered without shading. Each inten-
sity is mapped to (r, g, b, and a).Wemap 0 to (0.0, 0.0,
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Figure 5: The rendering of the projection image and 3D plane widgets. The projection image is generated by projecting the clipped volume
onto the screen using volume rendering. It is worth noting that the center of the volume is always located in the intermediate plane. The
projection image is textured and mapped onto the intermediate plane, reconstructing the depth information of the projection image. This
depth information is the basis to correctly display the combination of the projection image and 3D plane widgets.
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Figure 6: Validation of the accuracy of interactive 3D measurement. (a) The simulated volume with 4 highlighted voxels. (b) Distance
measurement. (c) Angle measurement. (d) Area measurement.
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(a) (b)

(c) (d)

Figure 7: Interactive volume clipping. (a) Ray casting with reslicing. (b) Ray casting with cubic clipping. (c) Splatting without reslicing. (d)
Shear warp with pseudocolor.

0.0, 0.0) and 255 to (0.8, 0.8, 0.2, 0.5). Other intensities
are mapped by linear interpolation.

(3) The half brain is clipped by a 3D plane widget and
reslicing is enabled. Rough rendering is performed
while the volume or widget is being manipulated, and
refined rendering is performed while the manipula-
tion is stopped.

The average frame rates of scene rendering (i.e., rendering
of all models) under different circumstances are shown in
Table 1.

TheCT andMR images are interactively clipped andmea-
sured. Figure 8 shows the interactivemeasurement results for
the CT image. Figure 9 shows the instances of measuring the
position and size of the tumor in the brain MR image.

4. Conclusion and Future Work

In this paper, an interactive 3D measurement framework
based on volume rendering is implemented for quantitative

Table 1: Rendering efficiency of the volume clipping. It can be seen
that interactive rendering rate can be achieved. It’s worth noting
that all the volume renderers in this paper are software-based. The
rendering speed can be further accelerated if the volume renderers
are implemented using the GPU.

Frames/second Rough rendering during
manipulation Refined rendering

Ray casting 28.3 1.2
Splatting 9.1 0.5
Shear warp 37.4 2.6

analysis of 3D medical images. 3D plane widgets are manip-
ulated to interactively clip the volume and expose interesting
objects. The 3D plane widgets are also manipulated to meas-
ure the areas of interesting objects. Further, 3D line widgets
and 3D angle widgets are manipulated to measure the dis-
tances and angles of interesting objects, respectively.The vol-
ume and 3D widgets can be manipulated interactively and
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4113.283mm2

(a)

130.
618mm

(b)

78.792deg

(c)

Figure 8: Interactive 3D measurement of the CT image. (a) Area measurement based on splatting. (b) Distance measurement based on ray
casting. (c) Angle measurement based on shear warp.

3998.415mm2

(a)

63.334 mm 81.171 mm

128.861 mm

63.334 mm 81.171 mm

128.861 m   m

(b)

60.401 deg

(c)

Figure 9: Interactive 3Dmeasurement of the tumor in the brain MR image. First, the tumor is segmented from the MR image using a region
growing method automatically. Then, the tumor model and the original MR image are put in the same rendering environment for interactive
3Dmeasurement. (a) Area measurement (surface model of the tumor is used and rendered by surface rendering). (b) Distance measurement
(volume model of the tumor is used and rendered by ray casting). (c) Angle measurement (surface model of the tumor is used and rendered
by surface rendering).

intuitively as if they were manipulated by the operator in a
real 3D space. With level-of-detail rendering, we can achieve
satisfactory frame rates during manipulation and obtain
rendering images of high quality after manipulation.

Various volume rendering algorithms (including ray-
casting, splatting, and shear warp) are supported in our
framework. Compared with these algorithms, the texture-
based volume rendering algorithm is faster. However, for the
texture-based algorithm, the rendering quality and the size
of the rendered volume are restricted by the texture of the
graphics hardware. Therefore, our framework is a neces-
sary complement to the interactive 3D measurement using
texture-based volume rendering [10, 12]. In addition, it is
worth noting that the performance of our framework can be
improved largely if the ray-casting, splatting, and shear-warp
algorithms are implemented using the GPU.

Currently only 3D plane widgets are used for volume
clipping. Although they can be combined to construct some
clipping widgets (e.g., cube widgets), more useful clipping

widgets are required to expose complex objects of interest. In
the future, wewill designmore types of clippingwidgets (such
as sphere and cylinder widgets). Furthermore, we will design
more practical 3D measurement widgets in addition to the
3D line and angle widgets. Our interactive 3D measurement
framework has been integrated in the Medical Imaging
ToolKit (MITK) [14], which can be downloaded freely from
http://www.mitk.net.

Acknowledgments

This work was supported in part by the SIBET projects
Y053011305 and Y243011304, NSFC Grants 61201117 and
11105096, and NSFJ Grant BK2011331.

References

[1] R.Westermann andT. Ertl, “Efficiently using graphics hardware
in volume rendering applications,” in Proceedings of the Annual



Computational and Mathematical Methods in Medicine 9

Conference on Computer Graphics (SIGGRAPH ’98), pp. 169–
176, July 1998.

[2] O. Sommer, A. Dietz, R. Westermann, and T. Ertl, “Interactive
visualization and navigation tool for medical volume data,”
Computers and Graphics, vol. 23, no. 2, pp. 233–244, 1999.

[3] D. Weiskopf, K. Engel, and T. Ertl, “Interactive clipping tech-
niques for texture-based volume visualization and volume
shading,” IEEE Transactions on Visualization and Computer
Graphics, vol. 9, no. 3, pp. 298–312, 2003.

[4] G. Khanduja and B. Karki, “Visualization of 3D scientific da-
tasets based on interactive clipping,” in Proceedings of the of
International Conference in Central Europe on Computer Graph-
ics, Visualization and Computer Vision (WSCG ’05), pp. 33–36,
2005.

[5] B. D. Conner, S. S. Snibbe, K. P. Herndon, D. C. Robbins, R.
C. Zeleznik, and A. van Dam, “Threedimensional widgets,” in
Proceedings of the Interactive 3D Graphics Symposium, pp. 183–
188, 1992.

[6] J. Kniss, G. Kindlmann, and C. Hansen, “Multidimensional
transfer functions for interactive volume rendering,” IEEE
Transactions onVisualization andComputer Graphics, vol. 8, no.
3, pp. 270–285, 2002.

[7] D. Charles and C. R. J. Hansen, The Visualization Handbook,
Elsevier Academic Press, 2004.

[8] C. A. Dietrich, L. P. Nedel, S. D. Olabarriaga et al., “Real-time
interactive visualization and manipulation of the volumetric
data using GPU-based methods,” in Medical Imaging 2004:
Visualization, Image-Guided Procedures, and Display, vol. 5367
of Proceedings of SPIE, pp. 181–192, February 2004.

[9] O. Konrad-Verse, B. Preim, and A. Littmann, “Virtual resection
with a deformable cutting plane,” in Proceedings of the Simula-
tion und Visualisierung, pp. 203–214, 2004.

[10] R. Huff, C. A. Dietrich, L. P. Nedel, C. M. D. S. Freitas, J. L. D.
Comba, and S. D. Olabarriaga, “Erasing, digging and clipping
in volumetric datasets with one or two hands,” in Proceedings of
the ACM International Conference onVirtual Reality Continuum
and Its Applications (VRCIA ’06), pp. 271–278, June 2006.

[11] L. K.Wee, H. Y. Chai, and E. Supriyanto, “Interactive computing
and measurement in three dimensional ultrasound fetal volu-
metric reconstruction using visualization toolkit,” International
Journal of the Physical Sciences, vol. 6, no. 23, pp. 5520–5527,
2011.

[12] M. J. McGuffin, L. Tancau, and R. Balakrishnan, “Using defor-
mations for browsing volumetric data,” in Proceedings of the
IEEE Visualization Conference (VIS ’03), pp. 401–408, October
2003.

[13] J. Kniss, P. McCormick, A. McPherson et al., “Interactive tex-
ture-based volume rendering for large data sets,” IEEE Com-
puter Graphics and Applications, vol. 21, no. 4, pp. 52–61, 2001.

[14] J. Tian, J. Xue, Y. Dai, J. Chen, and J. Zheng, “A novel software
platform for medical image processing and analyzing,” IEEE
Transactions on Information Technology in Biomedicine, vol. 12,
no. 6, pp. 800–812, 2008.



Hindawi Publishing Corporation
Computational and Mathematical Methods in Medicine
Volume 2013, Article ID 381356, 11 pages
http://dx.doi.org/10.1155/2013/381356

Research Article
Segmentation and Morphometric Analysis of Cells
from Fluorescence Microscopy Images of Cytoskeletons

Yoshihiro Ujihara,1 Masanori Nakamura,2 Hiroshi Miyazaki,3 and Shigeo Wada3

1 Department of Physiology, Kawasaki Medical School, 577 Matsushima, Kurashiki, Okayama 701-0192, Japan
2Graduate School of Science and Engineering, Saitama University, Saitama, Saitama 338-8570, Japan
3 Graduate School of Engineering Science, Osaka University, Toyonaka, Osaka 560-8531, Japan

Correspondence should be addressed to Yoshihiro Ujihara; ujihara@med.kawasaki-m.ac.jp

Received 12 January 2013; Revised 18 March 2013; Accepted 18 April 2013

Academic Editor: Younghae Do

Copyright © 2013 Yoshihiro Ujihara et al. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.

We developed a method to reconstruct cell geometry from confocal fluorescence microscopy images of the cytoskeleton. In the
method, region growing was implemented twice. First, it was applied to the extracellular regions to differentiate them from
intracellular noncytoskeletal regions, which both appear black in fluorescence microscopy imagery, and then to cell regions for
cell identification. Analysis of morphological parameters revealed significant changes in cell shape associated with cytoskeleton
disruption, which offered insight into themechanical role of the cytoskeleton inmaintaining cell shape.The proposed segmentation
method is promising for investigations on cell morphological changes with respect to internal cytoskeletal structures.

1. Introduction

Advances in imaging modalities and technologies have
enabled the investigation of organ structure-function rela-
tionships. Organ segmentation in medical image volumes
allows three-dimensional (3D) anatomical visualization,
leading to quantitative estimates of organ structures and
the development of anatomically realistic computational
models used in biology, physiology, and medicine. The same
approach can be applied to analyze cell structure-function
relationships.

Cell functions, including growth, differentiation,motility,
and apoptosis, are associated with cell shape and structure [1–
4]. Cells change shape by altering their internal structures,
mainly the cytoskeleton, in response to changes in the
mechanical environment. Mechanical stimuli acting on the
extracellular matrix are transmitted to the cell via trans-
membrane adhesion receptors, including integrins, which
induce cytoskeleton rearrangement, allowing the cell to
recover mechanical balance internally and with respect to
the extracellular matrix [5]. This dynamic rearrangement
induces changes not only in the 3D shape but also in the
function of cells [6]. Therefore, relating cell morphology and

internal cytoskeletal structure is important to gain a better
understanding of cell mechanics.

Cell morphology is characterized by cell length, diameter,
height, projection area, and volume [7–12]. Although these
are useful for classifying cell shape, the three-dimensionality
of cells often leads to misinterpretations. For example, a
circular cone cannot be distinguished from different 3D
bodies with the same projection area and height, such as
cylindrical columns or ellipsoidal bodies. Therefore, the 3D
shape of a cell must be known before characterizing its
morphology.

Microscopy imaging techniques for cell observation
include phase contrast, differential interference contrast,
scanning electron, atomic force, and confocal laser scanning
microscopy. Confocal laser scanning microscopy is supe-
rior in illuminating intracellular structures, including the
cytoskeleton, and providing a series of focused images of an
object at selected depths.These serial images are analogous to
those acquired by computational tomography and magnetic
resonance imaging. Therefore, a similar methodology can be
applied to segmenting cells using a series of images of a cell
at selected depths.
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Numerous segmentation techniques exist [13–19] for
producing image series, which can be classified as either
boundary or region based. Active contour models, such
as snakes [14, 17], are the most popular frameworks for
boundary-based methods. Active contour models have been
developed for tracking deformable moving objects [14, 17].
This framework attempts to minimize an energy function
associated with a contour and find its local minimum at the
object boundary.Themain drawbacks of active contourmod-
els are their high sensitivity to noise and strong dependency
on the initial settings, making them insufficiently adaptive
to topology, and the relatively high operator interactions.
The level set methods [7] are an extension of active contour
modeling.They are more robust, versatile, and efficient.They
can define sharp corners, topological changes, and 3D effects.
Although the computational cost is the same as that of other
methods based on fast, narrowband adaptive techniques,
the level set methods are slow to converge and can get
stuck in local minima. In addition, they require considerable
preparation to determine appropriate velocities for advancing
the level set function. Region-growing methods [13, 20] are
representative of the region-based approach. In the region-
growing methods, the region of interest expands from a
seed area by assimilating adjoining voxels with properties
homogenous to those of the seed voxel according to specified
parameters. In contrast to the active contour models, they
have heavy computational costs and depend strongly on
predefined homogeneity criteria. However, they are relatively
insensitive to noise and can correctly separate regions based
on defined criteria.

Segmenting cells using fluorescence microscopy images
of the cytoskeleton is difficult using conventional methods.
Active contourmodels are only efficient if they are close to the
final solution. When studying a complex cell structure, these
models often fail if the initial guesses are far from the solution.
In addition, the cytoskeleton varies greatly between cells and
creating a general model is difficult. Considering the color
distinction between the cytoskeleton and other structures
in fluorescent images, the region-growing method is the
best option. However, in fluorescent images of cytoskeletons,
intracellular noncytoskeletal regions, including the nuclear
region, are the same color as extracellular regions. Con-
sequently, differentiating them solely based on color and
intensity is impossible.Therefore, it was necessary to develop
a newmethod that allows us to quantify 3D shape of a cell and
observe the structure and distribution of cytoskeletons in the
same cell.

In this paper, we introduce a new method, based on the
region-growing method, to segment cells using confocal
fluorescence microscopy images of the cytoskeleton. Our
motivation for the study is to quantitatively assess 3D shape
of a cell while observing the structure and distribution of
cytoskeletons in the same cell in order to understand how
cytoskeletons contribute to maintaining cell morphology. To
demonstrate the utility of the new method, we investigate
the shape of intact cells and cells with disrupted actin
filaments and microtubules that are the main components of
cytoskeletons.

Stack images from bottom to top

Select a seed voxel in extracellular region

Region growing in extracellular region 

Select a seed voxel in cytoskeletal region

Region growing in cell region

fluorescent cytoskeleton images

Determine morphological parameters

Start

End

Input a series of cross-sectional 

Convert from fluorescent images to grayscale images

Binarize images

Define 𝑥-, 𝑦-, 𝑧-axis

Figure 1: Flowchart of segmentation and morphometric analysis of
cells from fluorescence microscopy images of cytoskeletons.

2. Materials and Methods

2.1. Cell Preparation. Fibroblasts obtained from rabbit
patellar tendons and cultured in Dulbecco’s modified Eagle’s
medium with 10% fetal bovine serum were used as described
previously [12]. The cells (𝑃 = 8–12) seeded to coverslips
were treated either with cytochalasin D (10 𝜇g/mL) for 3 h
to disrupt actin filaments or colchicine (0.6 𝜇g/mL) for 2 h
at 37∘C to disrupt microtubules. Then, the cells were washed
with phosphate-buffered saline (PBS) and fixed with 3.7%
formaldehyde in PBS for 20min at 4∘C.The cells were washed
with PBS again and permeabilized with PBS containing 0.1%
Triton X-100 for 1min. Next, the cells were washed in PBS
and incubated with monoclonal anti-beta-tubulin antibody
(Chemicon International, Temecula, CA, USA) in PBS
containing 1% bovine serum albumin (BSA; Sigma-Aldrich,
St. Louis, MO, USA) for 1 h at room temperature. After
washing with PBS, the cells were incubated with Alexa
Fluor 488-conjugated anti-mouse-IgG antibody (Molecular
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(a)

(b)

Figure 2: A height-wise superimposed fluorescence microscopy
image of actin filaments (red) and microtubules (green) (left) and
its binarized version, in which the cytoskeletons are black (right).

Probes, Eugene, OR, USA) in PBS containing 1% BSA for
45min at room temperature for microtubule staining. To
stain actin filaments, the cells were incubated with
rhodamine- phalloidin (Molecular Probes) in PBS containing
1% BSA for 20min at room temperature and then washed
with PBS. The cells were washed again with PBS, and excess
solution was removed from the coverslips. Next, one drop of
the antifade reagent SlowFade Gold (Invitrogen, Carlsbad,
CA, USA) was applied to each coverslip, which was mounted
upside down on glass slides and fixed using melted paraffin
wax.

The experiment followed the Guidelines for Animal
Experiments, Graduate School of Engineering Science,Osaka
University, Osaka, Japan.

2.2. Confocal Laser Scanning Microscopy. Samples were ob-
served under a confocal laser scanning microscope (FV500;
Olympus, Tokyo, Japan) with a 60× oil immersion objective
(N.A. = 1.40; Olympus). An Ar laser set to 488 nm was used
to excite samples labeled with Alexa Fluor 488 mouse IgG
antibody, and a He-Ne laser set to 543 nm was used for

Extracellular region

Intracellular region

Cytoskeletal region 

Cytoskeletal region 𝑥

𝑦
𝑧

Figure 3:The extracellular region was determined by implementing
region growing in all directions (x, y, z) from a seed voxel established
outside the cell. The extracellular region is yellow, the cytoskeletal
region is black, and the intracellular noncytoskeletal region is white.

Extracellular region

Cell region 2

Cell region 1

𝑥

𝑦
𝑧

Figure 4: Results of cell segmentation using the region-growing
method. For identification, the different cells are colored blue and
green.

the rhodamine-phalloidin-labeled samples. The laser power
was controlled at 5.0% for the 488 nm and 50% for the
543 nm wavelengths. For the double-stained samples, images
were acquired sequentially, allowing us to obtain images
optimized for the labeling materials. The photomultiplier
was adjusted to maximum sensitivity with no saturation. To
reduce background noise and signals, image intensities less
than the offset value were determined to be zero. Images
were scanned at medium speed by default. If an image
was too noisy, the scan speed was changed to slow. Images
were formatted in a 24-bit colored bitmap with a resolution



4 Computational and Mathematical Methods in Medicine

(a) (b) (c)

Figure 5: (a) Height-wise superimposed fluorescence microscopy images of actin filaments (red) and microtubules (green) of an intact cell
(CON), (b) cells treated with cytochalasin D (CD), and (c) cells treated with colchicine (COL). Yellow bar = 20 𝜇m.

of 1024 × 768 pixels (0.24 × 0.24𝜇m/pixel). The 𝑧-axis scan
interval was 0.25𝜇m.

Images acquired with the FV 500 photomultiplier are 12-
bit grayscale. However, since the image format for 12-bit
grayscale is unique to the FV 500, we chose a more general
image format, bitmap, to facilitate later analyses. Of the
bitmap formats, 24-bit color was chosen to maintain image
quality. Image compression from 12-bit (0–4095) to 24-bit
RGB color (3 × 8 bit) was done with software installed to the
FV500. For fluorescent images of microtubules, the grayscale
intensity of 0–4095 was converted linearly to green, 0–255,
with red and blue zeroed. Similarly, the grayscale intensity in
fluorescent images of actin filaments was converted to red, 0–
255, with green and blue zeroed.

2.3. Cell Segmentation from Confocal Fluorescence Microscopy
Images. Cell geometrywas determined from a series of cross-
sectional fluorescent cytoskeleton images using the region-
growing method. The region of interest expands from a
seed area based on predefined criteria [21] by assimilating
adjoining voxels only with properties similar to those of
the seed voxel, such as grayvalue or color. We modified the
region-growing method to determine the 3D cell shape from
fluorescencemicroscopy images of cytoskeletons using an in-
house C-language program.

Figure 1 shows a flowchart of segmentation and mor-
phometric analysis of cells from fluorescence microscopy
images of cytoskeletons. Fluorescence microscopy images of
cytoskeletons were doubly stained with the dyes fluorescein
isothiocyanate and rhodamine, illuminated green, yellow, or
red. Black pixels represented either the extracellular region or
intracellular non-cytoskeletal regions, including the cytosol,
nucleus, and organelles. No color-based criteria can differ-
entiate the extracellular matrix and non-cytoskeletal regions.
For subsequent image analyses, the originally 24-bit color
formatted image was converted to a grayscale image using (1),

GI = 0.3𝑅bv + 0.59𝐺bv + 0.11𝐵bv, (1)
where GI is the grayscale intensity and 𝑅bv, 𝐺bv, and 𝐵bv
are the RGB intensities ranging from 0 to 255. The images

were binarized using a grayscale of 1 as the global thresh-
old, so cytoskeletal regions appeared black and non-
cytoskeletal regions white (Figure 2). To create a 3D cell
image, the reformatted images were stacked from bottom
to top to convert the pixels into voxels. Although con-
focal laser scanning microscopy has high-depth resolu-
tion, unfocused objects were imaged onto focused cross
sections. Consequently, uncalibrated volume rendering of
images resulted in height-wise stretching. We corrected this
stretching using fluorescent spherical beads as a reference
[12]. The 𝑧-axis was defined as the cell height with the
bottom image set at z = 0. The x- and y-axes were set
to form a right-hand Cartesian coordinate system. Vox-
els in cytoskeletal and non-cytoskeletal regions were then
numbered 0 and 1, respectively.

Before cell segmentation, we identified the extracellular
region by introducing a seed voxel in the non-cytoskeletal
region. Note that non-cytoskeletal regions were present not
only outside but also inside cells where nucleus and cyto-
plasmic components were present. Therefore, care was taken
to not introduce the seed voxel inside cells. Regional growth
was then applied from the seed voxel in all directions (x, y,
z) to assimilate adjoining voxels flagged 1, non-cytoskeletal
regions, from the seed voxel. Figure 3 shows the result of this
process whereby extracellular voxels of the non-cytoskeletal
region are colored yellow with a flag of 2, while the rest is
colored white with a flag of 3.

Finally, cells were identified using the region-growing
method for voxels with a flag of 0, the cytoskeletal region, in
all directions (x, y, z).The regionwas grown for voxels flagged
either 0 or 3. Through this process, both cytoskeleton voxels
and intracellular non-cytoskeleton voxels are assimilated to
the seed voxel. To identify individual cells when multiple
cells were in one image, the seed voxel of each cell was
flagged with a unique number, and the voxels assimilated to
the seed voxel were reflagged with the unique flag identifier.
Cell identification was repeated until no voxels flagged with
0 or 3 remained in the images. Using this procedure, we
segmented cells from a series of fluorescence microscopy
images (Figure 4).
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Figure 6: (a) Voxel images of cells segmented from fluorescence microscopy images of actin filaments and microtubules of an intact cell
(CON), (b) a cell treated with cytochalasin D (CD), and (c) a cell treated with colchicine (COL).The grid base is 10 × 10𝜇m. Color represents
the z-coordinate of each voxel.
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Figure 7: (a) A fluorescent image of cytoskeletons (red and green) on noncytoskeletal regions (black). (b) A cell image extracted using a
conventional region-growing method in which a region is defined based on a difference in color or intensity.

3. Results

Figure 5 shows confocal laser scanning micrographs of
actin filaments (red) and microtubules (green) in intact
cells (CON) and cells treated with cytochalasin D (CD) or
colchicine (COL). The x-y plane was superimposed on the 𝑧-
axis in Figures 5(a)–5(c). Actin filaments and microtubules
were observed throughout the cells, except in the nuclear
region. Actin filaments appeared as thick actin bundles
running parallel to the major axis of the CON cell, which
was elongated elliptically in one direction (Figure 5(a)).

Thick actin bundles were rarely seen in the CD cells, which
had fragmented actin filaments gathered in the central region
of the cell (Figure 5(b)). Microtubules were well preserved
with thin processes protruding radially from the round cell
body (Figure 5(b)). CD cells underwent drastic shape changes
compared toCONcells (Figure 5(b)).While themicrotubules
of COL cells were almost completely fragmented, actin
filaments remained whole (Figure 5(c)). Comparing CON
andCOL images revealed thatmicrotubule disruption caused
slight cell shrinkage.
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Figure 8: The cross-sectional area of cells normalized with adhesion areas (cross-sectional area at z = 0) in relation to their relative height
𝐻
𝑟
. The mean of normalized cross-sectional area of (a) CON, (b) CD, and (c) COL extracted by a proposed method and by the conventional

region-growing method. (d) A comparison of the normalized cross-sectional area of three groups extracted by a proposed method.
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(a) (b)

Figure 9: (a) A confocal laser scanningmicrograph of actin filaments andmicrotubules and (b) an optical micrograph of the same cell. Yellow
bar = 20 𝜇m.

Table 1: The summary of the volume, adhesion area, and fibroblast
height of the three cell groups.

CON
(𝑛 = 42)

CD
(𝑛 = 50)

COL
(𝑛 = 46)

Volume 𝑉 (𝜇m3)
Proposed method 2742 ± 1529 2165 ± 1151 2201 ± 949
Conventional method 2440 ± 1340∗ 1777 ± 917∗# 1811 ± 743∗#

Adhesion area 𝑆
𝑎
(𝜇m2)

Proposed method 989 ± 480 357 ± 178$ 722 ± 389#

Conventional method 902 ± 454∗ 320 ± 157∗$ 609 ± 327∗#

Height𝐻 (𝜇m)
Proposed method 7.4 ± 2.0 10.7 ± 1.6$ 7.5 ± 2.4
Conventional method 7.5 ± 2.0∗ 10.7 ± 1.7∗$ 7.5 ± 2.4∗

∗P < 0.05 versus proposed method (paired Student’s t-test).
#P < 0.05 versus CON, $P < 0.05 versus CON and COL (Bonferroni
correction).

Figure 6 illustrates 3D reconstructions of the cells shown
in Figure 5. We successfully segmented the complicated cell
shapes in all groups. Comparing three-dimensionally recon-
structed cells showed a drastic change in the morphological
features of the CD cell (Figure 6(b)), which shrank length-
wise, while the height increased, resulting in a hemispherical
body with some processes. The shape and height of the COL
cell were similar to those of the CON cell (Figures 6(a) and
6(c)).

Table 1 summarizes three morphological parameters of
the cells extracted by a proposed method and a conventional
region-growing method: volume, V, adhesion area, 𝑆

𝑎
, and

height, H. Statistical differences in each parameter of all
groups were present between the proposed method and
the conventional method. Especially, volume and adhesion
area of cells extracted with the conventional method were
significantly smaller than those extracted with the proposed
method. This was because the conventional method failed to
extract the voxels of intracellular non-cytoskeletal compo-
nents as a part of the cell as shown in Figure 7. We used the
Bonferroni correction to statistically compare these parame-
ters among the three groups. A significant difference was not
found between the groups when the proposed method was
used, while CD and COL volume were significantly smaller

than CON when the conventional method was applied.
Cell adhesion area was ordered CON, COL, and CD, size-
wise. Statistical differences in the adhesion area were present
between both CON and COL (P < 0.05) and COL and
CD (𝑃 < 0.05) obtained by both methods. CD height
was significantly larger than CON and COL, whereas COL
height did not differ statistically from CON obtained by both
methods.

The mean cross-sectional area, 𝑆
𝑐
, of each 10% increment

of cell height was normalized using the adhesion area. The
normalized cross-sectional area, 𝑆cn, was plotted against
relative height (Figure 8). In all groups, the mean of the
normalized cross-sectional area decreased from the bottom
to the top. The mean of normalized cross-sectional area
of CD groups obtained by the conventional method was
significantly smaller than that obtained by the proposed
method in the range of 𝐻

𝑟
= 0.1–0.6 although the mean of

normalized cross-sectional area of CON and COL groups of
the conventional method was nearly the same as those of the
proposed method, respectively. As shown in Figure 8(d), the
normalized cross-sectional areas of CD and COL extracted
by the present method were significantly larger than those of
CON in the range of 𝐻

𝑟
= 0.3–0.9 and 0.1–0.6, respectively

(both 𝑃 < 0.05, Bonferroni correction). The standard
deviation of the CD normalized cross-sectional area was
much greater than those of CON and COL.

4. Discussion

Analyzing the effects of actin filament and microtubule dis-
ruption on cell morphology using simple parameters, includ-
ing projection area and height, is difficult because of the 3D
cell shape. For example, distinguishing among a circular cone,
a cylindrical column, and an ellipsoidal body is impossible if
they have the same projection area and height. We rebuilt 3D
cell shapes using fluorescence images of actin filaments and
microtubules. Although segmenting cells with fluorescence
microscopy images of the cytoplasm and nucleus would
presumably be easier and more accurate, we were interested
in the relationship between cytoskeletal structures and cell
shape, which necessitated cell shape segmentation from
cytoskeleton images. Cytoskeleton outlines do not strictly
coincide with the surface configuration of cells. As a result,
we may have omitted cytoplasmic and other intracellular
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 10: A fluorescent image of (a) actin filaments, (b) microtubules, and (c) both. Binarized images of the previous images (d)–(f) without
and (g)–(i) with magnification. (j)–(l) Images of the extracted cell regions from (d)–(f) using the described method. The purple circles mark
intracellular or nucleus regions not completely encompassed within the cytoskeleton.

components, especially superficial ones, and underestimated
cell volumes. Nevertheless, our pilot study confirmed that
the cell outline delineated by cytoskeletons was almost the
same as that observed using optical microscopy (Figure 9).
Therefore, a cell segmented from fluorescence microscopy
images of cytoskeletons represents cell geometry accurately
enough to examine the mechanical role of cytoskeletons in
maintaining cell shape.

Double-staining the cytoskeleton worked complementar-
ily to help delineate cell shape. In the algorithm, regional
growth is first implemented to define the extracellular region.
However, the program fails when an intracellular region,
especially the nuclear region where cytoskeletons are not
present, is not perfectly isolated from extracellular regions
by the cytoskeleton. The example in Figure 10 includes fluo-
rescent images of actin filaments andmicrotubules separately
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𝑥

𝑦

(a) (b)

Figure 11: Differentiation of intracellular noncytoskeletal regions from the extracellular region. (a) Green regions represent the cytoskeletal
pixels, whilewhite ones represent the non-cytoskeletal pixels.Thepresence of cytoskeletal pixels surrounding (± x,± y) a non-cytoskeletal pixel
of interest was used to distinguish the intracellular non-cytoskeletal region from the extracellular region. If cytoskeletal pixels surrounded the
pixel of interest on the x- and y-axes, it was recognized as an intracellular pixel.The yellow and red pixels are recognized as intracellular pixels,
although red pixels should be identified as extracellular. (b) The resulting image of this process. Blue regions represent pixels recognized as
intracellular as a result of this process. The red arrows show where this process incorrectly labeled some of the extracellular region.

and overlapped (a)–(c), binarized images of (a)–(c) without
(d)–(f) and with magnification (g)–(i), and extracted cell
regions of (d)–(f) using our method (j)–(l). When extracting
cell regions from fluorescent images of either actin filaments
or microtubules alone, the program falsely labeled the intra-
cellular region as extracellular because it was not perfectly
encompassed by the cytoskeleton (Figures 10(g) and 10(h)).
To minimize the missing links, we overlapped the actin
filament and microtubule fluorescent images (Figure 10(i)),
with success (Figure 10(l)). Although this technique is not
perfect, it drastically reduced the failure rate.

The method was developed to reconstruct cell geometry
using fluorescent cytoskeleton images. Conventionally, the
region-growing method segments an object using image
volumes. Voxels are grouped into larger regions by exam-
ining the properties of adjacent voxels radiating from a
seed using predefined criteria [21], usually color intensity,
including RGB and CT values [22]. Even using conventional
methods, distinguishing objects of the same intensity or
color is possible in terms of their domain, including the
cytoplasm and nucleus [13, 20]. Nevertheless, since the
voxels of intracellular non-cytoskeleton components and the
extracellular matrix are black in fluorescence microscopy
images (Figure 7(a)), differentiating them based solely on
color intensity is impossible since only cytoskeletons are rec-
ognized as a part of the cell (Figure 7(b)). As a result, volume
and adhesion area of cells extracted with the conventional
method were significantly smaller than those extracted with
the proposed method as shown in Table 1. The mean of
normalized cross-sectional area of CD groups obtained by
the conventional method was significantly smaller than that
obtained by the proposed method as shown in Figure 8(b).
These results were attributable to the deficiency of the

conventional method; the conventional method failed to
extract the voxels of intracellular non-cytoskeletal compo-
nents as a part of the cell as shown in Figure 7. Therefore,
a new algorithm was added, so that non-cytoskeleton pixels
surrounded (±x, ±y) by cytoskeleton pixels were recognized
as a part of the cell (Figure 11(a)). This algorithm was
expected to distinguish the intracellular noncytoskeletal and
extracellular regions. Although this process helped fill out
the intracellular region, the resulting image included areas
thought to be extracellular (Figure 11(b)). The method was
revised to exclude pixels in the extracellular region from
the previous process, which was accomplished by applying
the region-growing method to the extracellular region. All
nonextracellular, noncytoskeletal pixels must be intracellular
and belong to one of the cells in the image. Applying the
region-growing method to the extracellular region before the
intracellular region is unique to this algorithm, as the region-
growing method is normally used to segment only the region
of interest.

Regional growth was implemented three-dimensionally
(Figure 12). The tips of three-dimensionally extending
cytoskeletons appear isolated from the main body of the cell
and would be absent if two-dimensional regional growth
was performed on the top image. However, by expanding
the region in the z, in addition to 𝑥 and 𝑦 directions, the
three-dimensionally protruding processes were successfully
extracted. This method facilitates the separate identification
of each cell, even when multiple cells appear in one image
(Figure 13). If cells are touching, they must be separated
manually before running the program.

As observed in previous studies, disrupting actin fila-
ments and microtubules induced 3D changes in cell shape [2,
7, 11]. In adherent cells, actin filaments generate contraction
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𝑥

𝑦

𝑧

Figure 12: Cross-sectional images of a cell extracted using our
methodwhereby the regionwas grown three-dimensionally.The red
circles highlight the tips of parts of the cytoskeleton that appear to
be separate from the main cell body in the top image. If the region
were grown only in the x-y plane, these areas would be absent.

50𝜇m

Figure 13: Cell segmentation obtained using ourmethod. Eight cells
in one image was identified individually using the program.

forces [23], and with focal adhesions, fasten the cell to
the extracellular matrix. Therefore, the disruption of actin
filaments leads to intracellularmechanical instability, causing
partial detachment of the cell from the extracellular matrix at
some focal adhesions [11, 24, 25]. In addition, a decrease in
the actin filament contraction force induces a relative increase
in cortical tensions. Therefore, the partial detachment and
reduction in the contraction force of cells due to actin
filament disruption results in an increase in cell height and
decrease in cell adhesion area. In contrast to actin filaments,
microtubules, together with the extracellular matrix, are

thought to bear compressive forces that negate the contrac-
tion force at focal adhesions [11]. Therefore, microtubule
disruption leads to a relative increase in contraction force,
which overwhelms the compressive force exerted by the
extracellular matrix.

The segmentation method we described has some lim-
itations. It cannot be used on overlapping cytoskeletons of
different cells because our algorithm examines only intensity-
based flags of each voxel and cannot differentiate the
cytoskeletons of two cells if they overlap. Hence, we excluded
overlapping cells from the analysis. Another limitation lies
in differentiating voxels of the extracellular matrix from
those of intracellular components, which is problematicwhen
cytoskeletons do not form a loop enclosing intracellular
components. In such cases, intracellular voxels were merged
with extracellular matrix voxels in the process of defining the
extracellular region, which hollowed the cell body. Although
these limitations must be addressed in future analyses, the
morphometric data obtained suggest the potential of this
method.

5. Summary and Conclusions

We developed a new method to reconstruct cell geometry
from confocal fluorescence microscopy images of cytoskele-
tons. Extracting extracellular regions first to differentiate
intracellular noncytoskeletal and extracellular regions, which
both appear black in fluorescent images of cytoskeletons,
is unique to this method. Cell geometry was successfully
segmented from confocal fluorescence microscopy images of
cytoskeletons, which outlined the cell. The analysis of the
morphometric data revealed that actin filament and micro-
tubule disruption lead to mechanical disequilibrium within
the cell and at focal adhesions, causing the cell to reshape.The
results indicate that this is a promising segmentation method
for examining changes in cell morphological in relation to
internal cytoskeletal structures. Using cell segmentation to
reveal the cytoskeleton can be used to develop amore detailed
cell structuremodel and to study the relationships among cell
mechanics, functions, and structures.
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In this study, an MRI-based classification framework was proposed to distinguish the patients with AD and MCI from normal
participants by using multiple features and different classifiers. First, we extracted features (volume and shape) from MRI data by
using a series of image processing steps. Subsequently, we applied principal component analysis (PCA) to convert a set of features
of possibly correlated variables into a smaller set of values of linearly uncorrelated variables, decreasing the dimensions of feature
space. Finally, we developed a novel datamining framework in combinationwith support vectormachine (SVM) andparticle swarm
optimization (PSO) for the AD/MCI classification. In order to compare the hybrid method with traditional classifier, two kinds of
classifiers, that is, SVM and a self-organizingmap (SOM), were trained for patient classification.With the proposed framework, the
classification accuracy is improved up to 82.35% and 77.78% in patients with AD and MCI. The result achieved up to 94.12% and
88.89% in AD and MCI by combining the volumetric features and shape features and using PCA. The present results suggest that
novel multivariate methods of pattern matching reach a clinically relevant accuracy for the a priori prediction of the progression
fromMCI to AD.

1. Introduction

Alzheimer’s disease (AD) [1] is the most common type of
dementia. Clinical signs are characterized by progressive
cognitive deterioration, together with declining activities of
daily living and by neuropsychiatric symptoms or behavioral
changes. The early detection of AD is potentially challenging
because of several reasons. First of all, there existed no known
biomarkers.The disease usually has an insidious onset which
can be a combination of genetic and environmental factors. It
is difficult to differentiate other types of dementia.

Mild cognitive impairment (MCI) is a transitional stage
between normal aging and demented status. The syndrome

is defined by the greater cognitive decline than age and
education matched individuals, but no interference of daily
function [2]. According to the major symptoms, MCI is
characterized with memory loss and cognitive impairment.
Research has reported that MCI has a risk between 10% to
64% developing AD [3, 4]. AD is a progressively neuro-
degenerative disorder and is distinguished from MCI by
the progressive deterioration of daily function. The preva-
lence of AD increases dramatically at age 65 and it affects
approximately 26 million people worldwide, which may
increase fourfolds by the year of 2050. Recent reports in the
treatment or prevention of AD lead to a growing concerns
in the early diagnosis. Therefore, the detection of changes in
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brain tissues that reflect the pathological processes of MCI
would prevent or postpone the disease progresses either from
normal control to MCI or from MCI to AD. If MCI can be
diagnosed at an early stage and effectively intervened, then it
is possible to reduce the advanced damages.

Since the poor performance in memory and execution
function indicates the high risk of dementia, the probable
AD patients are usually evaluated by standardized neu-
ropsychological tests [5–8]. Additionally, many studies have
been proposed to examine the predictive abilities of nuclear
imaging with respect to AD and other dementia illnesses
[9–13]. However, under the consideration of imaging cost
and noninvasive requirement, magnetic resonance imaging
(MRI) has been widely used for early detection and diagnosis
of MCI and AD [14–17].

Atrophy typically starts in themedial temporal and limbic
areas, subsequently extending to parietal association areas,
and finally to frontal and primary cortices. Early changes in
hippocampus and entorhinal cortex have been demonstrated
with the help of MRI, and these changes are consistent
with the underlying pathology of MCI and AD. Many
studies have used manual or automatic methods to measure
hippocampus and entorhinal cortex [18–20]. Hippocampal
volumes and entorhinal cortex measures have been found to
be equally accurate in distinguishing betweenADandnormal
cognitive elderly subjects [21]. However, the segmentation
and identification of hippocampus or entorhinal cortex are
usually sensitive to the subjective opinion of the operator
and also time consuming. In addition, the enlargement of
ventricles is also a significant characteristic of AD due to
neuronal loss. Ventricles are filled with cerebrospinal fluid
(CSF) and surrounded by graymatter (GM) andwhitematter
(WM). As a result, bymeasuring the ventricular enlargement,
hemispheric atrophy rate shows higher correlation with the
disease progression.

In this study, we have designed an MRI-based classifica-
tion framework to distinguish the patients of MCI and AD
fromnormal individuals usingmultiple features and different
classifiers. Since the features adopted here are volume-related
and shape-related, we also aimed to investigate whether
the combination of both statistical analysis and principal
component analysis (PCA) would improve the accuracies of
classification than using volume-related alone, shape-related
alone, or all features. Our hypothesis was that the combina-
tion of allMRI-based features is helpful for distinguishing the
patients with early Alzheimer’s disease from the subjects with
mild cognitive impairment and healthy controls, respectively.

The remainder of this paper is organized as follows.
Section 2 illustrated the proposed scheme, including features
extraction and used classifiers, that is, self-organizing map
(SOM), support vector machine (SVM), particle swarm
optimization (PSO), and the proposed hybrid PSO-SVM.
Statistical analysis, experimental results, and discussion are
revealed in Section 3. Finally, conclusions are included in
Section 4.

2. The Proposed Schemes
Figure 1 is the flowchart that demonstrated the systemwepro-
posed. In the step of Feature Extraction, spatial normalization

is performed by coregistering the brain MRI data from each
individual to a T1-weighted MRI template such that these
images of the investigated subjects will be in the same scale
space. Next, with the aids of segmentation andmorphological
procedures, all MRI brain images are segmented into GM,
WM, CSF, and ventricle’s tissues and shape descriptors. Here,
volume-related and shape-related features are utilized for
further classification.The step of Feature Reduction is divided
into two parts: (1) Mann-Whitney U test is adopted to
filter out the features with low discriminative power; (2)
principal component analysis (PCA) is applied to reduce the
dimensions of feature space. Route I only uses U test; Route
II is combined with U test and PCA. At last, a classifier, for
example, SOM, SVM, and PSO-SVM, is employed to classify
tested volunteers into three categories: normal individuals,
MCI, and AD patients. The details of the proposed method
are described below.

2.1. Spatial Normalization of MRI Data. Spatial normaliza-
tion of the brain images is useful for determining what
happens generically over individuals. It is a procedure to
register an MRI data set to a standard coordinate system,
also known as Talairach and Tournoux coordinate system
[22]. With the aid of normalization, all images were spatially
normalized to stereotactic space ICBM-152 [23] via a 12-
degrees-of-freedom affine transformation which normalizes
the brain in terms of dimensions, position, and spatial
orientation.

2.2. Volume Features Extraction. Thevolumes of brain tissues
such as GM, WM, and CSF indicate important information,
especially in brain degeneration diseases [24]. A clustering-
based segmentation algorithm provided by SPM8 [25] is
using a modified Gaussian mixture model to extract GM,
WM and CSF probability maps from whole-brain MRI data.
The intensities of voxels belonging to each of these clusters
conform to a normal distribution which can be described by
amean, a variance, and the number of voxels belonging to the
distribution. Here, the volumes of GM,WM, CSF, andwhole-
brain are calculated by

volumetissue ≈ ∑

∀𝑖∈𝐼

(𝑃 (𝐶tissue | 𝑓 (𝑖)) > 0.5) ,

volumeWhole ≈ ∑

∀𝑖∈𝐼

(𝑃 (𝐶GM∨WM | 𝑓 (𝑖)) > 0.5) ,

(1)

where i is any pixel of the MRI data and 𝑓(𝑖) stands for the
gray level of 𝑖. 𝐶means the cluster. tissue stands for the parts
of GM, WM, or CSF. Figure 2 illustrates the segmentation
results of the normal individual and AD patient used in this
study.

Next, we employ region growing and double threshold
algorithm [26] to extract binary ventricle volume data, that
is, 𝑀(𝑥, 𝑦, 𝑧). The morphological operators, for example,
erosion and dilation, are used to obtain the binary ventricle
regions. And the edges of binary images are detected by
applying Sobel operation on a slice-by-slice basis. Then, this
segmented region will construct a binary mask image. In
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Figure 1: Flowchart of the proposed image-aided diagnosis system.
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Figure 2: Segmentation results of a normal individual and an AD
patient used in this study.

this mask image, 1 (white) denotes the ventricle pixel, and
0 (black) denotes the nonventricle pixel. Finally, we can
calculate the volume of cerebral ventricle by

volumeVentricle ≈ ∑

∀𝑖∈𝑀

(𝑃 (𝐶Ventricle | 𝑓 (𝑖)) = 1) , (2)

where 𝑖 is any pixel of the mask data, 𝑀 is the mask image,
and 𝑓(𝑖) denotes the gray level of 𝑖.

2.3. Shape Features Extraction. The volume features, which
are extracted from the whole three dimensional volume,
cannot capture the variation of the anatomical shape. Wang

Figure 3: Sagittal view of segmented ventricle.

et al. [27, 28] proposed a ventricle shape-based method for
improved classification of Alzheimer’s patients. Therefore,
to enhance the accuracy of the classification, in addition
to the volume features, we also added ventricle shape fea-
tures. Figure 3 shows the sagittal view of ventricle that we
segmented. The shape features we analyzed are composed
of two types: three-dimensional shape features and two-
dimensional shape features. The algorithms to obtain these
features are illustrated in the following subsections.

2.3.1. 3𝐷 Shape Features. To obtain the feature of 3D shape,
a leave-one-out method is used to construct training set and
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testing set followingWang’s method.Three sets of probability
map were then built using

𝑃
𝑡
(𝑥, 𝑦, 𝑧) =

1

𝑁

𝑁

∑

𝑖=1

𝐼
𝑖

𝑡
(𝑥, 𝑦, 𝑧) , (3)

where 𝑡 indicates the type of the subjects, inclusive of normal
control, AD, and MCI. 𝑁 is the number of training samples,
and 𝐼 denotes the gray level of the ventricular mask image. In
order to compare the differences of patients (AD and MCI)
and normal controls, we subtracted the normal probability
map from the patient probability map to obtain the discrim-
inate map. At last, a matching coefficient (MC) between a
testing input and the discriminate map is calculated by

MC𝑖Normal or patient = ∑

∀𝑥,𝑦,𝑧

𝐷(𝑥, 𝑦, 𝑧)

× 𝑇
𝑖

Normal or patient (𝑥, 𝑦, 𝑧) ,

(4)

where 𝐷(𝑥, 𝑦, 𝑧) is the discriminate map and 𝑇 denotes the
testing ventricular mask image.

2.3.2. 2D Shape Features. The 2D shape features are extracted
from the segmented ventricles on a slice-by-slice basis. In
2D viewpoint, there are many 2D ventricle slices for each
case. In order to effectively compare the differences in each
case, we selected the slices with maximum areas from 3D
ventricle data sets as the datum plane. These 2D shape
features used herein are referred to the work of Yang et al.
[29] and listed as follows: (1) Area, (2) Perimeter, (3) Com-
pactness, (4) Elongation, (5) Rectangularity, (6) Distances,
(7) Minimum thickness, and (8) Mean signature value.

2.4. Learning Methods for Classification. Machine learning
algorithms can be organized into a taxonomy based on
the desired outcome of the algorithm or the type of input
available during training the machine.They are often divided
into supervised, nonsupervised, and reinforcement learning
(RL). Supervised learning requires the explicit provision of
input-output (I/O) pairs and the task is one of constructing
a mapping from one to the other. Non-supervised learning
has no concept of target data and performs processing only
on the input data. In contrast, RL uses a scalar reward
signal to evaluate I/O pairs and hence discover, through
trial and error, the optimal outputs for each input. In this
sense, RL can be thought of as intermediary to supervised
and non-supervised learning since some form of supervision
is present, albeit in the weaker guise of the reward signal.
As such, the trained algorithm may be treated as a “black
box” encapsulating knowledge gleaned from the training
data whose inputs are useful for producing the expected
outcome. For this reason, machine learning and computer-
aided diagnostics (CADs) have been of growing interest in
the field of medical applications. To evaluate whether the
performance of supervised and non-supervised methods is
good or not, we used three classifiers to produce the outcome.

Inmany researches of pattern recognition, dataset is often
divided into two subsets of training and testing. The former

is used to create the model, and the latter is used to assess
the accuracy of the model to predict the unknown sample.
This method can be called Train-and-Test method. Cross-
validation is the experimental method to effectively estimate
the generalization error. In this study, leave-one-out cross-
validation (LOOCV) is adopted in three classifiers to estimate
dependable generalization error. LOOCV involves using a
single observation from the original sample as the validation
data, and the remaining observations as the training data. In
this section, the classifiers we adopted are illustrated in the
following subsections particularly.

2.4.1. Self-Organizing Map Architecture. A self-organizing
map (SOM) is a type of artificial neural network for the
visualization of high-dimensional data. In general, SOMs are
divided into two parts: training andmapping. Training builds
the map using input examples, called a Kohonen map [30].
An SOM consists of components called nodes or neurons.
Each node has a set of neighbors. When this node wins a
competition, not only its weight is adjusted, but those of the
neighbors are also changed. They are not changed as much
though. The further the neighbor is from the winner, the
smaller its weight change. Furthermore, as training goes on,
the neighborhood gradually shrinks. At the end of training,
the neighborhoods have shrunk to zero size.

When a training example is fed to the network, its
Euclidean distance to all weight vectors is computed by using
(5). Here 𝑛 denotes the dimension of data, and 𝑡 is the index
of the data item in a given sequence,

𝑥 (𝑡) = {𝜁
1
(𝑡) , 𝜁
2
(𝑡) , . . . , 𝜁

𝑛
(𝑡)} . (5)

Theneuronwithweight vectormost similar to the input is
called the bestmatching unit (BMU).Theweights of the BMU
andneurons close to it in the SOM lattice are adjusted towards
the input vector.Themagnitude of the change decreases with
time and with distance from the BMU. The update formula
for a neuron with weight vector is

𝑚
𝑖
(𝑡 + 1) = 𝑚

𝑖
(𝑡) + 𝛼 (𝑡) ℎ

𝑐𝑖
(𝑡) [𝑥 (𝑡) − 𝑚

𝑖
(𝑡)] , (6)

where 𝛼(𝑡) is a monotonically decreasing learning coefficient
and 𝑥(𝑡) is the input vector. The neighborhood function
ℎ
𝑐𝑖
(𝑡) depends on the lattice distance between the BMU and

neuron. The neighborhood function ℎ
𝑐𝑖
(𝑡) is

ℎ
𝑐𝑖
(𝑡) =

𝑒
−‖𝑟
𝑖
−𝑟
𝑐
‖
2

2𝜎2 (𝑡)
. (7)

Figure 4 illustrates the procedure of SOM classifier. In
this study, we use a two-stage method for learning [31]. First,
we adopt less iterative time, higher learning rate, and large
neighborhood distance for learning and make it convergence
speedily. After repeating many times, we can acquire net-
work parameters which have the best convergence. Next,
combining higher iterative time, less learning rate, and small
neighborhood distance with network parameters obtained in
first stage to conduct second learning and adjust network
parameters slowly. At last, we obtain these parameters:
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Figure 4: Basic procedure of SOM classifier.

iterative time is set as 1000 epochs, ordering phase learning
rate = 0.9, tuning phase learning rate = 0.5, and tuning phase
neighborhood distance = 0.5. In order to verify the stability
of SOM to generalize the correct tendency, the classifier was
trained 10 times to get reliable results.Thirty cases are chosen
(AD = 7, Normal = 7, MCI = 8) to be the training set
randomly. Scaling of variables is of special importance in
our model since the SOM algorithm uses Euclidean metric
to measure distances between vectors. In order to solve this
problem, we achieved this by linearly scaling all variables so
that their variances were equal to one.

2.4.2. Support Vector Machine. SVM is a type of artificial
neural networks that is, trained by using supervised learning,
have shown their advantage on reducing training-and-testing
errors, resulting in obtaining higher recognition accuracy
[32]. However, some feature data are linearly nonseparable.
In some situations, features are not perfectly separable,
especially at the border between categories. To allow some
flexibility in separating the categories, SVMs utilize a cost
parameter, denoted as 𝐶, to control the trade-off between
allowing training errors and forcing rigid margins. The cost
function with 𝐶 is defined as (8), where 𝜁

𝑖
is a slack variable,

Cost = 𝐶

𝑁

∑

𝑖=1

(𝜁
𝑖
) . (8)

Mapping the patterns in a high dimension feature space
is generated through combining features to form a kernel
matrix. The kernel matrix is usually constructed by using
a kernel function which takes two patterns as arguments
and outputs a value. In this study, a radial basis function
(RBF) kernel, as shown in (9), is employed. We use one-
against-rest assembles classifiers that distinguish one from all

Table 1: Demographic data and cognitive scores.

Group Normal
control MCI AD

Individuals
(male/female) 17 (10/7) 18 (9/9) 17 (9/8)

Mean age (yrs) 71.43 ± 4.43 72.50 ± 4.00 72.70 ± 3.93
Education time (yrs) 10.17 ± 5.21 8.22 ± 5.25 5.24 ± 5.36
MMSE scores 28.18 ± 1.70 25.06 ± 4.11 13.29 ± 6.69

the other classes. This strategy consists of constructing one
SVM per class, which is trained to distinguish the samples of
one class from the samples of all remaining classes. Usually,
classification of an unknown pattern is done according to the
maximum output among all SVMs,

𝑘 (𝑥
𝑖
, 𝑦
𝑗
) = 𝑒
−𝛾‖𝑥
𝑖
−𝑦
𝑗
‖Fit
𝑝 , 𝑖 = 𝑗 = 1, 2, . . . , 𝑛, (9)

where 𝑥
𝑖
denotes the input vector, 𝑦

𝑗
denotes the 𝑗th proto-

type vector, and Fit
𝑝
= correctly − classified/total number of

testing data. Finally, the optimal solution can be solved by
using Lagrange method,

𝐿
𝑝
≡

1

2
‖𝑤‖
2

+ 𝐶

𝑚

∑

𝑖=1

𝜁
𝑖
−

𝑚

∑

𝑖=1

𝛼
𝑖
{𝑦
𝑖
(𝑤 ⋅ 𝑥

𝑖
+ 𝑏) − 1 + 𝜁

𝑖
} ,

𝐿
𝐷
≡

𝑚

∑

𝑖=1

𝛼
𝑖
−

1

2

𝑚

∑

𝑖=1

𝛼
𝑖
𝛼
𝑗
𝑦
𝑖
𝑦
𝑘

𝑗
(𝑥
𝑖
, 𝑦
𝑗
) ,

(10)

where ‖𝑤‖ is the Euclidean norm of 𝑤, 𝛼
𝑖
that stands for the

Lagrange multipliers, 𝐿
𝑃
is the Lagrange function, and 𝐿

𝐷
is

the dual solution of 𝐿
𝑃
.𝐶 and 𝛾 are used to control the trade-

off between training errors and generalization ability in SVM
with RBF kernel. Therefore, a PSO was utilized to find the
optimal combination of 𝐶 and 𝛾.

2.4.3. Hybrid PSO-SVM. Particle swarm optimization (PSO)
algorithm [33, 34] uses particlesmoving in an𝑚-dimensional
space to search solutions of an optimization problem with
𝑚 variables. In our approach, PSO is initialized and searches
for the optimal particle iteratively. Each particle represents a
candidate solution. SVM classifier is built for each candidate
solution to evaluate its performance. Velocity and position of
particles can be updated by

V
𝑡+1

𝑖𝑗
=𝑤 ⋅ V

𝑡

𝑖𝑗
+ 𝑐
1
rand
1
(pbest𝑡

𝑖𝑗
− 𝑥
𝑡

𝑖𝑗
)+ 𝑐
2
rand
2
(gbest𝑡

𝑖𝑗
− 𝑥
𝑡

𝑖𝑗
)

𝑥
𝑡+1

𝑖𝑗
= 𝑥
𝑡

𝑖𝑗
+ V
𝑡+1

𝑖𝑗
,

(11)

where 𝑡 is evolutionary generation, V
𝑖𝑗
is the velocity of

particle 𝑖 on dimension 𝑗, and 𝑥
𝑖𝑗
stands for the position of

particle 𝑖 on dimension 𝑗. Inertia weight 𝑤 is used to balance
the global exploration and local exploitation, rand

1
and rand

2

are random functions, and 𝑐
1
and 𝑐
2
are personal and social

learning factors. As we know, if the number of particles,
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Table 2: Statistical analysis of features.

Features Mean volume ± SD
Normal MCI AD 𝑃 value (NC versus MCI) 𝑃 value (NC versus AD)

Volume
𝑉GM 862.4 ± 42.7 824.6 ± 57.8 789.7 ± 84.3 0.016 0.007
𝑉WM 637.6 ± 45.8 601.8 ± 21.2 558.1 ± 63.4 0.021 0.019
𝑉CSF 863.1 ± 112.9 909.7 ± 128.5 971.8 ± 132.5 0.038 0.017

Shape
Area 1792.4 ± 278.5 1903.5 ± 426.6 2361.1 ± 802.3 0.029 0.024

Area (PR) 673.5 ± 121.5 874.9 ± 132.5 911.4 ± 183.2 0.024 0.018
Area (PL) 647.1 ± 137.2 872.5 ± 142.5 910.9 ± 183.5 0.031 0.011
Area (FR) 151.9 ± 117.6 231.5 ± 162.4 262.4 ± 167.8 0.020 0.009
Area (FL) 162.7 ± 91.0 258.2 ± 144.3 278.5 ± 189.2 0.022 0.010

Perimeter 226.7 ± 23.1 276.9 ± 20.2 289.8 ± 27.6 0.029 0.019
Circularity 45.6 ± 4.9 39.8 ± 3.6 38.2 ± 2.7 0.039 0.021
Elongation 1.1 ± 0.4 1.4 ± 0.6 1.3 ± 0.2 0.016 0.009
Rectangularity 0.5 ± 0.2 0.6 ± 0.4 0.6 ± 0.1 0.028 0.016
𝑑(A,G) 37.3 ± 2.1 38.4 ± 3.7 40.6 ± 4.2 0.031 0.037
𝑑(B,G) 36.1 ± 1.8 39.2 ± 3.1 43.1 ± 6.1 0.034 0.028
𝑑(C,G) 38.6 ± 4.3 41.4 ± 2.9 42.9 ± 4.6 0.042 0.030
𝑑(D,G) 34.7 ± 2.9 39.7 ± 1.4 42.8 ± 4.1 0.022 0.028
𝑑(A,C) 72.8 ± 4.3 81.7 ± 8.4 83.8 ± 8.4 0.009 0.011
𝑑(B,D) 72.5 ± 4.9 78.2 ± 3.1 81.6 ± 8.2 0.011 0.007
Min thickness 27.4 ± 3.8 29.0 ± 2.6 30.1 ± 3.4 0.020 0.009
Mean Sig. 25.6 ± 3.1 27.9 ± 2.7 29.8 ± 3.1 0.032 0.013

Table 3: PCs and their proportion of total variation.

Features No. of principal component
Proportion (%) C1 C2 C3 C4 C5 C6 C7 C8
Volume features (3) 64.16∗ 31.57∗ 4.27
Shape features (17) 48.79∗ 23.39∗ 9.43∗ 6.45∗ 3.28∗ 2.13∗ 1.01∗ 0.73∗

Volume + shape (20) 49.31∗ 19.98∗ 13.62∗ 6.93∗ 4.47∗ 2.35∗ 0.99 0.72

denoted as 𝑃, is too large, it might cause the optimization
process to be time consuming. On the contrary, if 𝑃 is too
small, then it is hard to find the optimal solution due to the
limited search area. In the literature [35], it is proven that the
optimal solution can be obtained when 𝑃 is between 20 and
40. In this work, the number of the iterations and 𝑃 is set to
200 and 30, respectively. Similarly, the parameters 𝑐

1
, 𝑐
2
, and

𝑤 will affect the convergence of optimization process. If they
are set too large, it causes the particle velocity to be speedy
and thus cannot obtain the optimal solution. On the other
hand, it is time consuming to find the optimal solution [36].
Therefore, we set 𝑐

1
, 𝑐
2
, and 𝑤 to 2, 2, and 0.8, respectively.

More specifically, based on the approach [37], the pro-
posed hybrid PSO-SVM aims at optimizing the accuracy of
SVMclassifier by randomly generating the parameters (𝐶 and
𝛾) and estimating the best values for regularization of kernel
parameters for SVM model. Basic operation of hybrid PSO-
SVM proposed in this paper is given in Figure 5.

This process continues until the performance of SVM
converges. The termination criteria are that the iteration

number reaches the maximum number of iterations (100%)
or the value of global optimal fitness does not improve after
200 consecutive iterations. In this study, 22 cases were chosen
(AD = 7, Normal = 7, MCI = 8) to be the training set.

3. Experimental Results and Discussion

3.1. Materials. According to the research [4], most patients
with Alzheimer’s disease are aged 65 years or older. There-
fore, most of the subjects in the whole data we choose
are over 65 years old. The image data used in this study
were provided by Chang Gung Memorial Hospital, Lin-Kou,
Taiwan. The degree of clinical severity for each participant
was evaluated by experienced clinicians whom conducted
independent semistructured interviews which included a set
of questions regarding the functional status of the participant,
along with a standardized neurologic, psychiatric, and health
examinations. This interview generates an overall Clinical
Dementia Rating (CDR) andMini Mental State Examination
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Table 4: Classification results (SOM).

Proportion Volume
features Volume features + PCA Shape features Shape features + PCA Volume + shape

features
Volume + shape
features + PCA

AD (versus NC)
Accuracy 76.47% 82.35% 64.71% 70.59% 76.47% 88.24%
Sensitivity 81.25% 87.50% 68.75% 70.59% 76.47% 88.24%
Specificity 77.78% 83.33% 66.67% 70.59% 76.47% 88.24%

MCI (versus NC)
Accuracy 61.11% 66.67% 50.00% 50.00% 66.67% 72.22%
Sensitivity 78.57% 85.71% 64.29% 64.29% 75.00% 86.67%
Specificity 66.67% 71.43% 57.14% 57.14% 68.42% 75.00%

Table 5: Confused matrix with SOM (volume + shape/volume +
shape + PCA).

NC MCI AD
NC 13/15 2/2 1/0
MCI 3/2 12/13 3/5
AD 1/0 4/3 13/15
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Figure 5: Basic operation of proposed PSO-SVM approach.

(MMSE) score. The whole dataset consists of three groups
comprising normal control, MCI, and AD. Demographic
information is provided in Table 1.

The whole-brain MRI scans were obtained by a 3T
MR scanner (Trio A TIM system, Siemens, Erlangen, Ger-
many). T1-weighted images were acquired by magnetization-
prepared 180 degrees radio-frequency pulses and rapid
gradient-echo (T1-MPRAGE) series. The following imaging
parameters were used: repetition time (TR) = 2000ms, echo
time (TE) = 4.16ms, and flip angle = 9 degrees. The results

were represented as a 224 × 256matrix, and slice thickness =
1mm in 160 slices.
3.2. Statistical Analysis and Classification. Through image
processing techniques, we obtained individual volume and
shape features. In order to confirm whether there is a
significant effect of the classification for these features, we
use statistical MW test to compare differences between three
groups on various features (continuous variables).

The MW test, also called a Mann-Whitney 𝑈 or Mann-
Whitney Wilcoxon test, is a nonparametric rank-based test
for identifying the difference between populations with
respect to their medians or means. The test does not require
sample data to be normal (sample > 30), and it is relatively
insensitive to the nonhomogeneity of the variance of sample
data. The null hypothesis is that the two populations from
which samples have been drawn have equal medians or
means. The alternatives are that the populations do not
have equal medians. The two samples are combined, and all
sample observations are ranked from smallest to largest. It
was performed on each feature to evaluate its discriminative
power, as shown in (12). 𝑈obt is the smaller value taken from
the sum of𝑈

1
and𝑈

2
, where 𝑛

1
and 𝑛
2
are the sizes of the first

and second samples, respectively,

𝑍
𝑈
=

𝑈obt − (𝑛
1
𝑛
2
/2)

√𝑛
1
𝑛
2
(𝑛
1
+ 𝑛
2
+ 1) /12

. (12)

The 𝑃 values obtained from the tests can provide the
probability that a variation would assume a value greater
than or equal to the observed value strictly by chance. It is
known that the 𝑃 value which is less than the predetermined
significance level (0.05) would result in the rejection of the
null hypothesis at the 5% (significance) level. All statistical
results of volume and shape features we adopted (<0.05)
are shown in Table 2, inclusive of three volume features and
seventeen shape features.

3.3. Results. Although the features we adopted have sta-
tistical significance (<0.05) between three groups, some of
the features may be redundant or have high correlation.
Therefore, principal component analysis (PCA) [38] is used
to reduce the dimensionality of a data set consisting of a
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Table 6: Classification results (SVM).

Proportion Volume
features Volume features + PCA Shape features Shape features + PCA Volume + shape

features
Volume + shape
features + PCA

AD (versus NC)
Accuracy 70.59% 70.59% 58.82% 64.71% 76.47% 82.35%
Sensitivity 70.59% 66.67% 66.67% 78.57% 76.47% 87.50%
Specificity 70.59% 68.75% 63.16% 70.00% 76.47% 83.33%

MCI (versus NC)
Accuracy 55.56% 61.11% 44.44% 50.00% 77.78% 83.33%
Sensitivity 66.67% 64.71% 61.54% 75.00% 77.78% 88.24%
Specificity 60.00% 61.11% 54.55% 60.87% 76.47% 83.33%

Table 7: Confused matrix with SVM (volume + shape/volume +
shape + PCA).

NC MCI AD
NC 13/15 0/1 1/0
MCI 3/2 14/15 3/3
AD 1/0 4/2 13/14

large number of interrelated variables, while retaining as
much as possible of the variation present in the data set. On
the other hand, it can also improve the computation time
required for classification.This is achieved by transforming to
a new set of variables, the principal components (PCs), which
are uncorrelated and are ordered so that the first few retain
most of the variation present in all of the original variables.
In order to effectively represent all the data, we used the
PCs that captured 95% total variation in data set. To train
a volume-feature-based classification, the first two principal
components were adopted. To train a shape-feature-based
classification, only the first eight principal components were
adopted.When we integrated volume and shape features into
classification, the first six principal components were used
to stand for all of the features. Table 3 gives the variances
and the coefficients of the PCs, when the analysis is done on
the correlation matrix. The symbol ∗ indicates that this PCA
coefficient is used as a feature for classification. SOM, SVM,
and PSO-SVM were used to train a classifier, and the results
were presented in Tables 4, 5, 6, 7, 8, and 9.

It showed the results of accuracy (proportion of all
subjects correctly classified), sensitivity (proportion of indi-
viduals with a true positive result), and specificity (propor-
tion of individuals with a true negative result) when using
different features.The derivations of accuracy, sensitivity, and
specificity were expressed in (13), where TP = true positive,
TN = true negative, and FP = false positive. Obviously,
incorporating shape features, volume features, and PCA
provided excellent classification ability than using only one
of them,

Accuracy (ACC) = (TP + TN)

(𝑃 + 𝑁)

Sensitivity or true positive rate (TPR)

=
TP
𝑃

=
TP

(TP + FN)

Specificity or True Negative Rate (TNR)

=
TN
𝑁

=
TN

(FP + TN)
.

(13)

3.4. Discussion. In this study, we investigated the feasibility
of using anatomical MR images to extract different types
of features as a predictive marker for AD and MCI. We
employedmultiple features and different classifiers to identify
the patients with AD and MCI from normal participants.
From the results, volumetric analysis, inclusive of gray/white
matter, cerebrospinal fluid, and local shape analysis on ventri-
cle, provides significant atrophy information. Especially, the
properties of gray matter volume, ventricular area, elonga-
tion, mean signature value, and distances show the statistical
significance (<0.01). This implies that using the volume and
shape features have the potential ability to identify normal
control, AD, and MCI.

By combining both the volumetric features and shape
features, the classification accuracy of SOM reached up
to 76.47% and 66.67% in patients with AD and MCI,
respectively. Moreover, with the help of PCA algorithm, the
classification result was improved up to 88.24% and 72.22%
in patients with AD and MCI, respectively. The classification
accuracy of SVM reached up to 76.47% and 77.78% in patients
with AD and MCI, respectively. Moreover, with the help
of PCA algorithm, the classification result was improved
up to 82.35% and 83.33% in patients with AD and MCI,
respectively. With the hybrid classification framework based
on PSO, the result achieved up to 82.35% and 77.78% in AD
and MCI. Moreover, with the help of PCA algorithm, the
classification result was improved up to 94.12% and 88.89%
in patients with AD and MCI, respectively. According to
the results, combining PSO-SVM with statistical analysis
and principal component analysis (PCA) would improve the
accuracy of classification.

It was also noted that the classification ability was sig-
nificant for AD and normal control than the patients with
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Table 8: Classification results (PSO-SVM).

Proportion Volume
features Volume features + PCA Shape features Shape features + PCA Volume + shape

features
Volume + shape
features + PCA

AD (versus NC)
Accuracy 76.47% 76.47% 70.59% 76.47% 82.35% 94.12%
Sensitivity 76.47% 76.47% 70.59% 76.47% 87.50% 94.12%
Specificity 76.47% 76.47% 70.59% 76.47% 83.33% 94.12%

MCI (versus NC)
Accuracy 66.67% 66.67% 55.56% 50.00% 77.78% 88.89%
Sensitivity 75.00% 75.00% 66.67% 69.23% 87.50% 94.12%
Specificity 68.42% 68.42% 60.00% 59.09% 78.95% 88.88%

Table 9: Confusedmatrix with PSO-SVM (volume + shape/volume
+ shape + PCA).

NC MCI AD
NC 15/16 1/1 0/0
MCI 2/1 14/16 3/1
AD 0/0 3/1 14/16

MCI. MCI is a transitional stage between normal cognitive
aging and dementia. Therefore, the characteristics of patients
withMCIwere similar to AD subjects. On the other hand, the
characteristic of patients with MCI was also possibly similar
to normal participants. Combination with other features was
essential to improve the accuracy of classification ability for
patients with MCI in an early stage.

4. Conclusion

In this paper, we compared different methods for the classifi-
cation of patients with AD andMCI based on anatomical T1-
weightedMRI. To evaluate and compare the performances of
eachmethod, two classification experiments were performed:
CN versus AD and CN versus MCI. It is observed that
the volume features and shape features can be integrated to
increase classification accuracy with the low computational
complexity. Classification results also verify our hypothe-
sis that the combination of multimodal features, including
volume and shape features, outperforms a single modality
of features, possibly because different features are mutually
complementary. Furthermore, it is proven that statistical
analysis and PCA can achieve accuracies significantly better
than all the features that are adopted. In the performance of
classifiers used here, it is shown that PSO-SVM can achieve
the best accuracy, sensitivity, and specificity, nomatter for CN
versus AD and CN versus MCI.

For the moment, the classified results are greater for
patients with AD and normal participants than for patients
with MCI. It can provide clinically useful information at the
large-scale population-based screening studies. The results
would be welcomed for prognosticating disease progression
and providing an objective evaluation of cognitive rehabilita-
tion treatments for dementing illness.
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Magnetic resonance (MR) imaging provides a noninvasive, in vivo imaging technique for studying respiratory and cardiac
pulsations in human brains, because these pulsations can be recorded as flow-related enhancement on dynamic MR images. By
applying independent component analysis to dynamic MR images, respiratory and cardiac pulsations were observed. Using the
signal-time curves of these pulsations as reference functions, the magnitude and phase of the transfer function were calculated on
a pixel-by-pixel basis. The calculated magnitude and phase represented the amplitude change and temporal delay at each pixel as
compared with the reference functions. In the transfer function analysis, near constant phases were found at the respiratory and
cardiac frequency bands, indicating the existence of phase delay relative to the reference functions. In analyzing the dynamic MR
images using the transfer function analysis, we found the following: (1) a good delineation of temporal delay of these pulsations
can be achieved; (2) respiratory pulsation exists in the ventricular and cortical cerebrospinal fluid; (3) cardiac pulsation exists in
the ventricular cerebrospinal fluid and intracranial vessels; and (4) a 180-degree phase delay or inverted amplitude is observed on
phase images.

1. Introduction

Human brainmostly is comprised of brain tissues, blood, and
cerebrospinal fluid (CSF).These componentsmaintain a fixed
volume, while they are protected by and confined in the skull.
According to the Monro-Kellie doctrine, in a fixed volume
an increase in the volume of one cranial component must
be compensated by the decrease in volume of other cranial
components [1]. The modulations of intracranial pressure
by respiratory and cardiac pulsations are observed by using
lumbar, cisternal, and ventricular puncture [2]. Magnetic
resonance (MR) imaging, however, provides a noninvasive, in
vivo imaging technique for studying respiratory and cardiac
pulsations in human brains [3–9], because these pulsations

can be recorded as flow-related enhancement on dynamic
MR images.

Independent component (IC) analysis is a blind source
separation technique [10]. It is described as a partial volume
calculation technique when applied to analyze dynamic MR
images [11]. The outputs of IC analysis are IC images and
corresponding signal-time curves.The output IC images pro-
vide a coarse segmentation for voxels with different signal-
time curves, and the IC images are assumed to be spa-
tially independent. It has been used to analyze functional
MR images [12–14] and to detect cluster microcalcification
breast cancer [15]. By applying IC analysis to dynamic MR
images, respiratory and cardiac pulsations are observed at
intracranial arteries and CSF [16]. However, the propagation
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of respiratory and cardiac pulsations in the brain is not yet
clear and needs further investigation.

The transfer function analysis is used to study the rela-
tionship between input and output signals of a linear time-
invariant system [17]. The magnitude and phase of a transfer
function reflects the amplitude change and temporal delay
from input signals to output signals at different frequency
bands. The transfer function between arterial blood pressure
and cerebral blood flow velocity in the middle cerebral arter-
ies is used to study cerebral autoregulation in normal sub-
jects [18], in patients with occlusive cerebrovascular diseases
and arteriovenous malformations [19], and in patients with
carotid stenosis [20]. In functional MR imaging research,
transfer function provides information on the temporal
delays between regions for investigating how these regions
within a network interact with each other [21]. In this study,
we applied transfer function analysis to dynamic MR images
to investigate the respiratory and cardiac pulsations in the
brain of normal subjects.

2. Materials and Methods

2.1. Data Acquisition. Dynamic MR images were acquired
from normal subjects on a 1.5-Tesla MR scanner (Signa
CV/i, GE Medical Systems, Milwaukee, WI, USA). Written
informed consentwas obtained. A single-shot, gradient-echo,
echo-planar imaging pulse sequence was used for acquiring
the images. The scan parameters were 𝑇

𝐸
/𝑇
𝑅
= 60/200ms,

flip angle = 90∘, field of view = 24 × 24 cm, image matrix =
128 × 128, slice thickness = 5mm, and one signal averaging.
The wavelength of the crusher gradient was increased from
1ms to 10ms for suppressing residual transverse magnetic
dipole moment [22]. Five hundred and twelve dynamic
images were acquired from transaxial planes through and
above the third ventricle. The subjects were instructed to
breathe normally during the scanning. Image postprocessing
procedure was done offline on a personal computer by using
software programs written in MATLAB (MathWorks, Inc.,
Natick, MA, USA).

2.2. Periodogram. The frequencies of respiratory and cardiac
pulsations measured from a subject were not stationary
during the scan. We calculated a periodogram [23] from
the acquired images for choosing an appropriate segment
of the data for postprocessing procedure. The 512 dynamic
images were arranged into 213 segments with each seg-
ment containing 300 sequential dynamic images. Within
each segment, the amplitude spectra for the 300 dynamic
images were calculated on a pixel-by-pixel basis by using
discrete Fourier transform. The sum of the amplitude spec-
tra of all pixels was used to represent this segment. A
two-dimensional periodogram was generated, in which the
horizontal axis was the starting image number, in which
the vertical axis was the frequency, and the gray level was
used to represent the amplitude spectra. A segment with
most stationary respiratory and cardiac pulsations in the
periodogram was selected for the following postprocessing
procedure.

2.3. Independent Component Analysis. Temporal mean and
standard deviation images were calculated from the selected
300 dynamic images. The temporal mean was subtracted
from the dynamic images to produce zero-temporal-mean
dynamic images. The FastICA technique [10] was applied to
the zero-temporal-mean dynamic images for finding respira-
tory and cardiac pulsations. We used four output ICs in this
experiment.

2.4. Transfer Function Analysis. For a linear time-invariant
system, the output signal, 𝑦(𝑡), can be expressed as a con-
volution of the input signal, 𝑥(𝑡), and the system response
function, ℎ(𝑡), described by

𝑦 (𝑡) = 𝑥 (𝑡) ⊗ ℎ (𝑡) , (1)

where⊗ indicates a convolution calculation [17].Theprevious
equation also can be expressed in the frequency domain as

𝑌 (𝑓) = 𝑋 (𝑓)𝐻 (𝑓) , (2)

where 𝑋(𝑓), 𝑌(𝑓), and 𝐻(𝑓) are the Fourier transform of
𝑥(𝑡), 𝑦(𝑡), and ℎ(𝑡), respectively. The transfer function,𝐻(𝑓),
is calculated as

𝐻(𝑓) =
𝐻 (𝑓)
 exp {𝑖𝜙 (𝑓)} =

𝑌 (𝑓)

𝑋 (𝑓)
, (3)

where |𝐻(𝑓)| and 𝜙(𝑓) are the magnitude and phase of the
transfer function at frequency𝑓, respectively.Themagnitude
and phase of𝐻(𝑓) reflect the amplitude change and temporal
delay from 𝑥(𝑡) to 𝑦(𝑡) at different frequencies, respectively.
A phase delay can be calculated as the following equation:

𝜏
𝑝
(𝑓) = −

𝜙 (𝑓)

2𝜋𝑓
. (4)

The 𝜏
𝑝
(𝑓) value provides information on the temporal delay

of the output signal, 𝑦(𝑡), in a periodical waveform at this
specific frequency, as compared with the input signal, 𝑥(𝑡).

For a global analysis, the transfer function analysis was
applied to the four complex-valued output spectra of the
FastICA calculation results, by using one spectrum as 𝑋(𝑓)
and the other three spectra as 𝑌(𝑓) functions. For a pixel-
by-pixel analysis of the zero-temporal-mean dynamic images,
the signal-time curve at each pixel was Fourier transformed
into a complex-valued spectrum, and they were 𝑌(𝑓). The
spectra of the FastICA segmentation results showing either
good respiratory or cardiac pulsations were selected as the
reference spectra, 𝑋(𝑓). By using (3), the complex 𝐻(𝑓)
valuewere calculated.The averaged values of |𝐻(𝑓)| and𝜙(𝑓)
within a selected frequency band was calculated to represent
the strength and temporal delay information of the pulsation
at this frequency band, respectively.

3. Results

The postprocessing procedure for a dataset acquired from
a slice through the ventricle is demonstrated in Figures 1–
3. The FastICA calculation results for 300 zero-temporal-
mean dynamic images are shown in Figure 2, including four
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Figure 1: Analysis of a dataset acquired from a slice through the third ventricle.The 180th to the 479th dynamic images had stable respiratory
and cardiac pulsations (pointed by arrows) as shown in the periodogram (a). The first image of the 512 dynamic images is used to display
anatomy (b). Temporal-standard-deviation image illustrates the flow-related enhancement caused by oscillatory flows (c).

output images (a–d) and corresponding signal-time curves
(e). Spatiotemporal patterns for the respiratory and cardiac
pulsations are well demonstrated in these results. Figure 2(f)
displays the corresponding amplitude spectra. Peaks were
found at the respiratory (0.42Hz) and the first harmonic
(1.22Hz) of cardiac frequency bands, which are marked by
yellow shaded areas. Figure 2(g) plots the phase, 𝜙(𝑓), of
the transfer function,𝐻(𝑓), obtained from complex divisions
using the first (black), third (red), and fourth (blue) spectra
of the FastICA segmentation results, divided by the second
(green) spectrum of the FastICA segmentation results. Near
constant phases were found at the marked respiratory and
cardiac frequency bands, indicating the existence of phase
delay at these frequency bands.

The |𝐻(𝑓)| and 𝜙(𝑓) images at frequency bands that cor-
respond to respiratory and cardiac pulsations are displayed
in Figure 3. In the transfer function calculation, the green
signal-time curve displayed in Figure 2(e) was used as 𝑥(𝑡).
A 180-degree phase delay or inverted amplitude is observed
at pixels with red versus green colors or pixels with yellow
versus white colors.

The FastICA segmentation results for a slice above the
ventricle are shown in Figure 4. Pixels at the inner and

outer sides of the brain surface are displayed in white and
black colors in Figure 4(d). This phenomenon indicates that
the signal-time curves at these two regions had either a
180-degree phase delay or inverted amplitudes. The |𝐻(𝑓)|
and 𝜙(𝑓) images at frequency bands that correspond to
respiratory and cardiac pulsations are displayed in Figure 5.
Again, the 180-degree phase delay or inverted amplitude
is observed at pixels with yellow versus white colors in
Figure 5(b).

4. Discussion

We analyzed the respiratory and cardiac pulsations in human
brain using the transfer function analysis. By using the
reference spectra produced from the FastICA segmentation
results, the magnitude and phase images at the respiratory
and cardiac frequency bands were calculated.Themagnitude
represented the strength of these pulsations observed at
different brain locations. The phase was related to the tem-
poral delay in the periodical waveforms compared with the
reference signals.The respiratory and cardiac pulsations were
analyzed separately. The assumption of spatial independency
used in the IC analysis was not needed in the transfer function
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Figure 2: FastICA segmentation results for the dynamic images are displayed in Figure 1, which include the following: four output images
with their frames displayed in different colors (a–d), corresponding signal-time curves (e), and corresponding amplitude spectrum (f). The
phase, 𝜙(𝑓), calculated by using transfer function analysis and the complex-valued spectrum of the green signal-time curve as a reference
function are illustrated in (g). The respiratory and cardiac frequency bands are marked by yellow shaded areas. Note that constant phases are
observable at the respiratory (black, red, and blue curves) and cardiac pulsations (black and red curves).

analysis. Furthermore, the phases, as well as the temporal
delays, were calculated as continuous numbers as shown in
Figures 3 and 5. On the contrary, only black and white colors
were used on the output of FastICA segmentation results as
shown in Figures 2 and 4. The temporal delay information is
limited to either 0 degree or 180 degrees in the IC analysis.

It is not surprising to know that the cardiac pulsation
is observed at intracranial vessels as illustrated in Figures

3(c), 3(d), 5(c), and 5(d). In the ventricle, both respira-
tory and cardiac pulsations were observed as shown in
Figure 3. We postulate that the respiratory pulsation is
propagated through venous blood and is originated by far-
away intrathoracic pressure changes, secondary to respira-
tion. Meanwhile, the cardiac pulsation might be caused by
a nearby cardiac pulsation at either choroid plexus or brain
matter.
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Figure 3: The amplitude (first column) and phase (second column) images are calculated by using the transfer function analysis for the
respiratory (first row) and cardiac (second row) frequency bands. A pixel with a negative value (displayed in red color) has a signal-time
curve leading the reference function. A pixel with a positive value (displayed in green color) indicates its signal-time curve is lagging the
reference signal. The white color implies no or very small delays, and yellow color implies either a leading or a delay of 𝑇/2.
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Figure 4: FastICA segmentation results for a slice location above the third ventricle, including four output images (a–d), and corresponding
signal-time curves (e).
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Figure 5: Transfer function analysis of the dynamic images shown in Figure 4. The amplitude (first column) and phase (second column)
images were calculated by using the transfer function analysis for the respiratory (first row) and cardiac (second row) frequency bands. The
color coding is the same as that in Figure 3.

Because the CSF space is part of a closed system,
oscillatory CSF flow that went into one direction must be
compensated by the same amount of oscillatory CSF flow that
went to the opposite direction. It is likely that the flow pattern
of the cortical CSF at the brain surface is companied by the
opposite CSF flow pattern in the brain as shown in Figures
4(d) and 5(b).

The CSF is produced in the choroid plexus and circulates
through the ventricular system, subsequently draining into
the CSF space on brain surface, where it is resorbed from
the superior sagittal and other sinuses before returning to
the systemic circulation [2, 24, 25]. The intracranial pressure
or CSF space will increase when there is overproduction
of CSF, obstruction of CSF circulation, or brain atrophy.
These three conditions all result in ventricular dilatation
although their intracranial pressures are different. Clinically,
the former two conditions are correctable while brain atrophy
is irreversible. In addition to the CSF bulk flow mentioned
previously, animal models have shown that either an increase
or a decrease of cardiac pulsation in ventricular CSF causes
ventricular dilatation [26]. It is reasonable to propose that
CSF bulk flow and CSF pulsation are related to each other,
and an imbalance of these flow dynamics may cause CSF flow
obstruction with resulting ventricular dilatation. For clinical
applications, the spatiotemporal patterns of respiratory and
cardiac pulsations in patients with ventricular dilatation or
hydrocephalus might provide information on the circulation
of CSF.

There are two drawbacks in the transfer function analysis.
The first drawback is that the phase is limited between
±𝜋. As a consequence, the temporal phase delay, 𝜏

𝑝
(𝑓), is

limited between ±𝑇/2, where 𝑇 = 1/𝑓. This condition
may cause ambiguity in clinical applications [18], because
an inverted signal cannot be distinguished from a signal

with a phase delay of 𝑇/2 for a periodical waveform. The
inverted amplitude or 180-degree phase delay phenomenon
was observed on Figures 3(b), 3(d), and 5(b).

The second drawback is that the second harmonic of
cardiac pulsation is limited by the Nyquist sampling rate
of the dynamic images. In this study, the Nyquist sampling
rate is calculated as 1/𝑇

𝑅
/2 = 2.5Hz [27]. For the second

harmonic of the cardiac pulsation to be observable on the
dynamic images, the fastest heart rate is limited to 1.25Hz,
which corresponds to 75 heart beats per minute. If a subject’s
heart rate exceeds this limit, the second harmonic of the
cardiac pulsation cannot be found in the dynamic images, and
aliasing effect may interfere with respiratory pulsation.

5. Conclusion

This paper presented a protocol for analyzing the spatiotem-
poral patterns of respiratory and cardiac pulsations in human.
The respiratory and cardiac pulsations can be recorded
as flow-related enhancement on dynamic MR images. The
segmentation results of IC analysis can be used to provide
a reference function for the transfer function analysis. In
the transfer function analysis, we found the following: (1)
a good delineation of temporal delay of these pulsations
can be achieved; (2) respiratory pulsation exists in the
ventricular and cortical CSF; (3) cardiac pulsation exists in
the ventricular CSF and intracranial vessels; and (4) a 180-
degree phase delay or inverted amplitude is observed on
phase images.
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The segmentation and detection of various types of nodules in a Computer-aided detection (CAD) system present various
challenges, especially when (1) the nodule is connected to a vessel and they have very similar intensities; (2) the nodule with ground-
glass opacity (GGO) characteristic possesses typical weak edges and intensity inhomogeneity, and hence it is difficult to define
the boundaries. Traditional segmentation methods may cause problems of boundary leakage and “weak” local minima.This paper
deals with the abovementioned problems. An improved detectionmethodwhich combines a fuzzy integrated active contourmodel
(FIACM)-based segmentation method, a segmentation refinement method based on Parametric Mixture Model (PMM) of juxta-
vascular nodules, and a knowledge-based C-SVM (Cost-sensitive Support Vector Machines) classifier, is proposed for detecting
various types of pulmonary nodules in computerized tomography (CT) images. Our approach has several novel aspects: (1) In the
proposed FIACM model, edge and local region information is incorporated. The fuzzy energy is used as the motivation power
for the evolution of the active contour. (2) A hybrid PMMModel of juxta-vascular nodules combining appearance and geometric
information is constructed for segmentation refinement of juxta-vascular nodules. Experimental results of detection for pulmonary
nodules show desirable performances of the proposed method.

1. Introduction

Pulmonary nodules in high-resolution CT images are poten-
tial manifestations of lung cancer. However, the interpreta-
tion of a great deal of CT images brings a hugeworkload upon
the radiologist, which in turn increases the false negative rate
due to observational oversights. CAD system for pulmonary
nodules plays an important role in the diagnosis of lung
cancer [1], which assists doctors in the interpretation of
medical CT images and increases the detection of lung
cancer by reducing the false negative rate as a result of
observational oversights. Detection of different types of
nodules in a CAD system is a difficult task. As pointed
by the literatures [2, 3], despite much effort being devoted
to the computer-aided nodule detection problem, CAD for
various types of pulmonary nodules remains an ongoing
research topic. One of the major difficulties is the task of

detecting nonsolid and part-solid GGO nodules with faint
contrast and fuzzy margins. In particular, nonsolid nodules
are extremely subtle with fuzzy boundaries, and part-solid
nodules exhibit highly irregular intensity variations (intensity
inhomogeneity) and boundary shapes. Studies have shown
that nodules of nonsolid and part-solid nature are frequent
and have higher risks of being malignant than solid ones
[2]. Additionally, there are difficulties associated with the
detection of nodules, that are adjacent to vessels when they
have very similar intensities, and the detection of nodules,
that are nonspherical in shape. Moreover, juxtavascular
nodules account for the largest typology of lung nodules
[3]. Thus, handling them under a united framework poses
a great challenge to the task of segmentation of pulmonary
nodules. Although various algorithms have been reported
in the literatures [2–5] for tackling these problems, many
technical issues still remain, including accurate segmentation



2 Computational and Mathematical Methods in Medicine

and detection. Furthermore, those that are applicable to
various densities of GGO and juxtavascular nodules have
not been available until recently. In such cases, traditional
segmentation methods may lead to boundary leakage and
also result in “weak” local minima. Additionally, purely
intensity thresholding or model-based detection methods
may fail to identify GGO and juxtavascular nodules, and
their detection error rate may be unacceptably high. All
these factors lead to the belief that the field is relatively
new and requires further investigation.This paper deals with
the above-mentioned problems. In this paper, an improved
detection method for pulmonary nodules in CT images,
which combines the FIACM-based segmentation, PMM-
based segmentation refinement of juxtavascular nodules, and
knowledge-based classifier, is proposed for detecting various
types of pulmonary nodules, especially for GGO nodules
(part-solid and nonsolid) and juxtavascular nodules.

1.1. Previous Work on Detection of Pulmonary Nodules. In
CAD of pulmonary nodules, segmentation of potential nod-
ule objects is the first necessary and crucial step. In the
segmentation step, the potential nodule objects for training
and testing data sets of classification are generated. However,
the segmentation of GGO nodules and juxtavascular nodules
is a very difficult task. It is difficult to acquire an ideal segmen-
tation effect only by relying on general image-data-driven
segmentation methods. Active contour models have been
one of the most successful methods for image segmentation
[6, 7], hence their implementation in the segmentation of pul-
monary nodules [8]. However, for nonsolid/part-solid GGO
nodules or juxtavascular nodules in real-world image, typical
weak edges as well as intensity inhomogeneities may exist
and hence boundaries are difficult to define. In such cases,
the purely edge-based active contour models [9, 10], which
rely on edge functionality to terminate the curve evolution for
detecting objects with edges defined by gradient, are likely to
yield undesirable local minima, so their performance is often
inadequate. In addition, purely region-based active contour
models [6, 7, 11] may be more sensitive to noise and cannot
handle objects with ill-defined boundaries, hence may also
cause problems of boundary leakage and “weak” local min-
ima. To overcome the limitations of traditional region-based
active contour model, Krinidis and Chatzis [12] used the
fuzzy energy to provide a balanced technique with a strong
ability to reject “weak” local minima. van Assen et al. [13]
proposed a 3D active shape model driven by fuzzy inference
(application to cardiac CT and MR). Li et al. [7] proposed
a region-based active contour model incorporating a data
fitting energy to overcome the difficulties caused by intensity
inhomogeneities. Furthermore, there has beenmuch research
into the design of complex integrated active contour model
combining edge and region energy [14] in order to overcome
the limitations of traditional active contour models.

Besides handling nonsolid or part-solid GGO nodules,
it is also important for a segmentation algorithm to be
able to treat juxtavascular nodules. Juxtavascular nodules
account for the largest typology of lung nodules [3]. Thus,
handling them under a united framework presents a great
challenge to the segmentation task of GGO and juxtavascular

nodules. Different approaches have been proposed to outline
lung nodules close to vessels. Morphological operators were
largely investigated for the separation of the nodule from
blood vessels [3, 15, 16]. However, the sizes and shapes of
vessels as well as those of nodules are irregular; hence it is
very difficult to obtain an acceptable segmentation result if
only morphological correction is relied upon. For example,
Kostis et al. performed removal of vessels by means of a
morphological operator having a constant size [15], which
may lead to the problem of a small volume overestimation at
the vessel attachment. Kuhnigk et al. [16] carried out a more
complexmorphological correction, supposing that the size of
vessels decreases while the vessels evolve along the periphery
of the lungs. However, this is not always the case, especially
like those in vessel branches; hence the performance is
inadequate. The methods for detachment of vessels from
segmented nodules usually employ strategies which involve
the entire nodule boundary with the possible drawback of
making the segmentationworse where no attachment occurs.
Hence, a better segmentation refinement method should be
taken into consideration further. In addition, some literatures
have aimed at building some statisticalmodels for pulmonary
nodules and blood vessels [17–19]. However, approaches
utilizing simple criteria like shape rule or gray value evidence
are typically not suitable to differentiate between different
tubular tree structures and nodules. Models, in a broad
sense, are embedded prior information about the target
structures [20, 21]. To our knowledge, no hybrid models
combining appearance and geometric information by incor-
porating assumptions on the spatial appearance of a vessel
and its attached pulmonary nodules have been presented and
discussed. Also present statistical models have not included
both of the local intensity and structure features.

After the potential nodule objects are segmented exactly,
every potential nodule object is evaluated and classified
individually for the probability of true positive. There are
a number of classification techniques used in the stage of
the nodule detection CAD systems: rule-based or linear
classifier [22–24], neural network [25],multilayer perception,
SVM (support vector machine) [4], and so on. For example,
Hardie et al. [26] also recently proposed a CAD system for
identifying lung nodules in 2D chest radiographs that consists
in using a weighted mean convergence index detector and
an adaptive distance-based threshold algorithm to segment
the detected nodule candidates. In the literature [26], a
set of 114 features is computed for each candidate. This is
followed by a classifier to reduce FPs. AGaussian Bayes linear
classifier, a Fisher linear discriminant (FLD) classifier, and a
quadratic classifier are compared. Many other groups have
also recently presented systems and performance studies for
detecting nodules [27]. However, as for nonsolid/part-solid
GGO nodules and juxtavascular nodules, the error rate of
purely intensity or model-based detection methods may be
much higher. For this reason, we believe that the field is
relatively new and requires further investigation.

1.2. Our Approach. This paper deals with the above-
mentioned problems. In this paper, an improved detec-
tion method of pulmonary nodules in chest CT images,
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combining the FIACM-based segmentation, PMM-based
segmentation refinement for juxtavascular nodules, and a
knowledge-based C-SVM classifier, is proposed for detecting
various types of pulmonary nodules, especially forGGOnod-
ules (part-solid and nonsolid) and juxtavascular nodules.The
flowchart of the proposed detection algorithm for pulmonary
nodules under a united framework is shown in Figure 1.

Compared with existing traditional methods, our
approach has several novel aspects:

(1) in order to overcome the problems of boundary
leakage and “weak” local minima in segmentation of
part-solid/nonsolid GGO and juxtavascular nodules
using traditional segmentation methods, the paper
proposes a fuzzy integrated active contour model
(FIACM), in which edge and local region information
is incorporated. A new edge-stopping function is
specified based on posterior probability. The statisti-
cal information of local region in a dynamic mask,
combining the fuzzy energy, is introduced into the
active contour energy function model, and the fuzzy
energy is used as the model motivation power for the
evolution of the active contour.

(2) To overcome the problem of a small volume over-
estimation at the vessel attachment and get a good
segmentation result of juxtavascular nodules under
a united segmentation framework, a hybrid PMM
of juxtavascular nodules combining appearance and
geometric information is constructed for segmenta-
tion refinement of juxtavascular nodules.

(3) A knowledge-based C-SVM classifier is constructed,
using some 2D and 3D features.

The remainder of this paper is organized as follows.
In Sections 2 and 3, the proposed segmentation methods
of potential nodule objects are first introduced. Then, the
proposed classification algorithm based on knowledge-based
C-SVM classifier is presented in Section 4. Finally, the exper-
imental results of ourmethod are given in Section 5, followed
by some discussions in Section 6. This paper is summarized
in Section 7.

2. Fuzzy Integrated Active Contour
Model-Based Segmentation

2.1. The Proposed Fuzzy Integrated Active Contour Model
(FIACM). LetΩ ⊂ 𝑅

3 be the image domain, and let𝐷 : Ω →

𝑅 be the given medical CT image sequence or 3D data set.
The segmentation result of the images or data set (for 3D data
set) 𝐷 is achieved by finding a surface 𝜙, which separates Ω
into disjoint regions. Ω

1
and Ω

2
represent the inside regions

and outside regions of 𝜙, respectively. Besides intensity, more
features are used in our active contour model. Taking both

the edge and local region information into consideration, our
proposed energy function model is given as follows:
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where 𝐸(𝑓
1
, 𝑓
2
, 𝜙) is the proposed energy function model;

𝑓
1
(x) and 𝑓

2
(x) are two values that approximate image

intensities in the local regions Ω
1
and Ω

2
, respectively.

x(𝑥, 𝑦, 𝑧) ∈ Ω is a given pixel/voxel, also a location variable.
On the right-hand side of (1), 𝑝(𝑥, 𝑦, 𝑧) ∈ Ω is a location

variable like x; 𝐼(𝑝) represents the intensity value in p; the
first term 𝜇∫

𝜙

𝛿𝜙(𝑝)𝑔color|∇𝜙|𝑑𝑝 is the edge-driven energy
term, which is used for curved surface to improve the evolved
ability in concave regions; 𝜇 is the weight of edge-driven
energy term; 𝛿𝜙(𝑝) is the smoothed version of theDirac delta;
𝑔 is the stop function. The second and third terms are the
region-driven energy terms, which are used to control the
image force based on statistical region-intensity information;
𝜆
1
and 𝜆

2
are the weights for region-driven energy term.

The membership function 𝑢(𝑝) ∈ [0, 1] is the degree of
membership of 𝐷, and 𝑚 is a weighting exponent on each
fuzzy membership. The degree of membership is decided by
not only the intensity feature, but also the shape feature: local
shape index.𝐻𝜙 is the smoothed Heaviside function.

The proposed FIACM model differs from the model
used in the literatures [7, 12–14], which has several novel
aspects. (1) the right-hand side of (1) consists of the edge-
driven energy term and region-driven energy terms. The
edge and local region information is incorporated into the
proposed FIACM model. (2) In the second and third terms
of right-hand side of (1), the statistical information of local
region in a dynamic mask, combining the fuzzy energy, is
introduced into the active contour energy function model.
This will be explained in detail below in Section 2.2. (3) The
fuzzy energy is used as the model motivation power evolving
the active contour, which is represented and communicated
by the membership function 𝑢(𝑝) in the second and third
terms of right-hand side of (1). The degree of membership
is decided by not only the intensity feature, but also the
shape feature: local shape index. So more features, including
intensity and local shape index, are used in the proposed
active contour model. This will be explained in detail below
in Section 2.3. (4) In the first term of right-hand side of
(1), a new edge-stopping function 𝑔 is specified based on
posterior probability. This will be explained in detail below
in Section 2.4.

In the simple case, it is obvious that the boundary of
the object 𝜙

0
is the minimizer of the energy functional. The

energy function model as (1) is solved by using variational
level set approach, and by taking the first variation of this
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Figure 1: Overview of the proposed detection method for pul-
monary nodules.

energy with respect to 𝜙 the following evolution equation is
obtained follows:
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2.2. Local Region-Scalable Flexible Fitting Energy in FIACM
Model. In order to improve the capability of handling
intensity inhomogeneity and objects with ill-defined bound-
aries, while reducing the computation cost, the statistical
information of a local region is considered in the active
contour energy function model. We utilize a local intensity
fitting energy as the region-scalable fitting energy. In our
energy function model as in (1), 𝑓

1
(x) and 𝑓

2
(x) are flexible

fitting values, which are two values that approximate image
intensities in the local region decided by a flexible mask of
𝐵(𝑘). That is, the intensities 𝐼(𝑝) that are effectively involved

in the above fitting energy are in a local region centered at the
point x, whose size can be controlled by the mask 𝐵(𝑘).

A 3D mask, 𝐵(𝑘) as described by (3), possesses statistical
information of the local region. It is a characteristic function
and is introduced into the energy function:
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0, otherwise.
(3)

The kernel function, 𝐵(𝑘), with a scale parameter 𝜎, is
controlled by the mean of the degrees of membership in the
region. In our proposed model as illustrated in (1), a window
will be defined; so 𝑘 = x − 𝑝.

Therefore, the local intensity fitting energy in (3) is called
as the region-scalable fitting (RSF) energy of a contour 𝐶 at
a point x. Using the statistical information of local region,
the means 𝑓

1
(x) and 𝑓

2
(x) in the interior region Ω

1
and

exterior region Ω
2
can be computed from (4). Therefore, the

evolution of the point in the image domain is only related to
the intensities in surrounding region, while it is independent
of the region beyond the mask field. Hence, the difficulties
caused by intensity inhomogeneities are overcome:

𝑓
1
(𝑥) =

𝐵 (𝑥 − 𝑝) ∗ [𝐻𝜙 (𝑥) 𝐼 (𝑥)]

𝐵 (𝑥 − 𝑝) ∗ 𝐻𝜙 (𝑥)
,

𝑓
2
(𝑥) =

𝐵 (𝑥 − 𝑝) ∗ [(1 − 𝐻𝜙 (𝑥)) 𝐼 (𝑥)]

𝐵 (𝑥 − 𝑝) ∗ (1 − 𝐻𝜙 (𝑥))
.

(4)

2.3. The Degree of Membership in FIACM Model. In our
FIACM model, the fuzzy energy is used as the model
motivation power evolving the active contour. As shown in
(1), 𝑢(𝑝) : 𝑋 → [0, 1] defines the membership degree of
a pixel 𝑝 in data set 𝐷 to the nodule class cluster center. The
corresponding degree ofmembership of each pixel in the data
set should be calculated. Thus, the degree of membership
for each sample 𝑋

𝑖
= (𝑥
𝑖
, 𝑦
𝑖
, SI
𝑖
, 𝐼
𝑖
) in our FIACM model

is calculated by using the fuzzy clustering algorithm based
on intensity and local shape index. Meanwhile, the fuzzy
morphological opening operation [28] is used to eliminate
noise. Here, in the clustering space, a sample is 𝑋

𝑖
=

(𝑥
𝑖
, 𝑦
𝑖
, SI
𝑖
, 𝐼
𝑖
); 𝑥
𝑖
and 𝑦

𝑖
is the position feature; 𝐼

𝑖
is the

intensity feature and 𝑆𝐼
𝑖
is the local volumetric shape index.

Thevolumetric shape index (SI) [4] is ameasure of local shape
characteristics. The local shape index SI(𝑝) at pixel 𝑝 can be
defined by

SI (𝑝) = 1

2
−
1

𝜋
arctan

𝑘
1
(𝑝) + 𝑘

2
(𝑝)

𝑘
1
(𝑝) − 𝑘

2
(𝑝)

, (5)

where 𝑘
1
(p) and 𝑘

2
(p) are principal curvatures at pixel 𝑝.This

index can be used to distinguish spherical from cylindrical
shapes: values close to 1 indicate spherical shapes, while
values close to 0.75 indicate cylindrical shapes. However, pul-
monary nodules are hard to distinguish ifmerely the intensity
or the shape index features are utilized. Therefore, the degree
of membership is an important feature for segmentation
or even the detection of GGO or juxtavascular pulmonary
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nodules. Generally speaking, the degree of membership of
pulmonary nodules is greater than 0.5, and the degree of
membership of blood vessel is less than 0.5. An example is
illustrated in Figure 2.

The intensity values, shape index values, and the degree
of membership values of a GGO juxtavascular pulmonary
nodule and its attached blood vessel are shown in Figure 2.
As shown in Figures 2(b), 2(c), 2(f), and 2(g), pulmonary
nodules are hard to distinguish if only intensity or the shape
index features are relied upon. As shown in Figures 2(d) and
2(h), some noise, indicated in red, occurs when the data are
transformed into the fuzzy domain.The fuzzymorphological
filtering is, therefore, adopted to eliminate the noise. As
shown in Figures 2(e) and 2(i), the degree of membership
of pulmonary nodules is greater than 0.5, and the degree
of membership of blood vessel is less than 0.5. This implies
that the degree of membership is an important feature for
segmentation or even detection of GGO or juxtavascular
nodule.

2.4. Selection of Edge-Stopping Function Based on Posterior
Probability. In the proposed FIACM model, a new edge-
stopping function is specified based on posterior probability.
The edge-stopping function is important and has a strong
impact on the final outcome of curved surface evolution. As
for nonsolid or part-solidGGOpulmonary noduleswith faint
contrast and fuzzy margins, rough and weak edges or even
concave edges are often exhibited, and their regions often
possess intensity inhomogeneities. Since real images do not
contain ideal edges, an edge-stopping function, 𝑔, must be
specified.Themain goal of stopping function, 𝑔, is actually to
stop the evolving curved surface when it arrives at the objects
boundaries.

The edge-stopping function, 𝑔, is a nonlinear strictly
increasing function, which is like the weather vane of con-
vergence of curved surface evolvement. In the active con-
tour model based on curvature diffusion, the edge-stopping
function is often selected as 𝑔(∇𝐼

𝜎
) = 1/(1 + (|∇𝐼

𝜎
|/𝐾)
2

) or
𝑔(∇𝐼
𝜎
) = 𝑒
−(|∇𝐼
𝜎
|/𝐾)
2

(where ∇𝐼
𝜎
= ∇𝐼 ∗ 𝐺

𝜎
is Gaussian gradi-

ent), whose function curves are shown in Figure 3.These two
functions are similar to the Butterworth or Gaussian high-
pass filter response function. As in the frequency domain
analysis, the image edge corresponds to the high-frequency
signals; hence these two functions can produce a strong
response to the edge region. However, these two functions
are also relatively very sensitive to noise; therefore, false edges
are bound to be formed. Furthermore, they have a difficulty
in handling concavities within the boundary. In this case,
it is necessary to select an appropriate stopping function
in our model. The specified new edge stopping function,
illustrated in (6), is shown in Figure 3. The edge-stopping
function we selected can be controlled by two gradient
module thresholds 𝑎 and 𝑏. The thresholds 𝑎 and 𝑏 are
determined using posterior probability, and the conditional
probability density function is defined as a Gaussian function
of intensity and gradient, whose parameters are calculated
using the expectation maximization algorithm. When 𝑡 ≤

𝑎, 𝑔 = 1, this represents the homogeneous region; when

𝑡 ≥ 𝑏, 𝑔 = 0, the edge region is represented. Essentially,
the stopping function describes the changing process in
transition region (between the homogeneous region and edge
region) using a second-order nonlinear smooth function.
The edge stop function quantitatively describes the weak
boundaries of the image, which can enhance the robustness
of noise region and improve the evolution performance in
intensity inhomogeneities situations and concave edges:

𝑔 (𝑡) =

{{{{{{{

{{{{{{{

{

1 𝑡 ≤ 𝑎

1 − 2(
𝑡 − 𝑎

𝑏 − 𝑎
)

2

𝑎 < 𝑡 ≤
𝑎 + 𝑏

2

2(𝑏 −
𝑡

𝑏 − 𝑎
)

2
𝑎 + 𝑏

2
< 𝑡 ≤ 𝑏

0 𝑡 > 𝑏.

(6)

2.5. Implementation of Potential PulmonaryNodule Segmenta-
tion Based on FIACMModel. The implementation algorithm
for the FIACMmodel is as follows.

(1) Compute the degree of membership 𝑢(𝑝) according
to Section 2.3.

(2) Initialize the contour of the FIACM model based on
adaptive local threshold segmentation. In the level set
method for the proposed FIACM model, selection
of the initial contour 𝜙

0
has a different effect on the

efficiency of the algorithm implementation. As the
lung is essentially a bag of air in the body, it shows
up as a dark region in CT scans. Pulmonary nodules
are often calcified tissues. This contrast between pul-
monary nodules and surrounding tissues forms the
basis for the majority of the segmentation schemes.
So in this paper, the segmentation result of adaptive
local threshold segmentation method is used as the
initial contour of the following hybrid level set model,
which greatly reduces the number of iterations of
curved surface evolution and ensures that the desired
segmentation effect is achieved.

(3) Compute the scale parameter𝜎 of the kernel function,
𝐵(𝑘), which is controlled by the mean of the degrees
of membership in a region, for example, a circle.
Then proceed to compute the region-scalable fitting
energies 𝑓

1
(𝑝) and 𝑓

2
(𝑝).

(4) Determine the thresholds 𝑎 and 𝑏 of the stop function
term using posterior probability and then specify the
stop function term.

(5) Implement the numerical algorithm of the proposed
FIACM model. In this paper, the proposed FIACM
model given as (2) is implemented by an efficient
numerical algorithm based on an additive operator
splitting (AOS) andThomas algorithm [29].

3. Segmentation Refinement of Juxtavascular
Nodules Based on Hybrid PMM

Compared with existing ones, the proposed hybrid PMM-
based segmentation of juxtavascular nodules has several
distinct features that include the following.
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Figure 2: Intensity values, shape index values, and the degree of membership of a GGO juxtavascular pulmonary nodule and its attached
vessel. (a) Original CT image; (b) intensity of juxtavascular nodule; (c) shape index values of juxtavascular nodule; (d) the degree of
membership of vessel before the fuzzymorphological filtering; (e) the degree ofmembership of juxtavascular nodule; (f) intensity of vessel; (g)
shape index values of vessel; (h) the degree ofmembership of vessel before the fuzzymorphological filtering; and (i) the degree ofmembership
of vessel after the fuzzy morphological filtering.
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0.5

0
0

The proposed 𝑔 function

𝑔 = 1/(1 + (𝑋/𝐾)
2
)

𝑎 𝑏𝐾 = (𝑎 + 𝑏)/2

𝑔 = 𝑒
−(𝑋/𝐾)

2

Figure 3: The specified edge-stopping function.

(1) Various types of pulmonary nodules, especially for
GGO nodules (part-solid and nonsolid) and jux-
tavascular nodules, are segmented under a united
segmentation framework. In order to overcome the
problem of a small volume overestimation at the ves-
sel attachment and obtain a good segmentation result
of juxtavascular nodules under a single-segmentation
framework, a hybrid PMM of juxtavascular nodules
is constructed for segmentation refinement of jux-
tavascular nodules. The refinement procession is just
used for the pixels in some regions containing the
blood vessels and juxtavascular nodules; hence the

correction and refinement methods have the advan-
tage of local refinement of the nodule segmentation
along recognized vessel attachments only, without
modifying the nodule boundary elsewhere.Moreover,
it has the potential to reduce the computation cost
involved.

(2) The hybrid model takes both the appearance and
geometric information into consideration.Thehybrid
model combines appearance and geometric infor-
mation by incorporating assumptions on the spatial
appearance of a vessel.

3.1. The Proposed Hybrid PMM of Juxtavascular Nodules

3.1.1. Observation Vector Generation in the Proposed Hybrid
PMM of Juxtavascular Nodules. In the models of juxtavas-
cular nodules, in a broad sense, prior information about
the target structures is embedded. Because CT values of
pulmonary nodules and that of blood vessels are almost
uniform, it is difficult to estimate exactly the parameters and
segment the blood vessels and the attached nodules if merely
the intensity feature is utilized and a statistical model is built
based merely on the intensity feature. Our proposed hybrid
PMMmodel takes both the appearance and geometric infor-
mation into consideration.That is, a set of observation vectors
are defined and extracted to include the appearance and
geometric information. Appearance information expresses
prior knowledge on the luminance properties of the vascular
structures and the attached nodules. Depending on the
application in segmentation and detection of juxtavascular
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nodules, additional knowledge about the specific geometric
shape might be incorporated.

Thus, we define an extended observation vector as

V = (𝐼
𝑖
, 𝑢
𝑖
, 𝑜
𝑖
) , (7)

where V is the observation vector in position (𝑥, 𝑦); 𝐼
𝑖
is the

intensity feature; 𝑢
𝑖
is the degree of membership, which is

from the volumetric shape index SI
𝑖
, reflecting the geometric

shape; the membership function 𝑢(𝑝) ∈ [0, 1] and 𝑜
𝑖
is the

regularized flow direction vector.

3.1.2. The Regularized Flow Direction Feature of Nodules
Adjacent to Blood Vessels. As vessels are characterized by a
tubular model, the 3D gradient vectors in a vessel can be used
to extract a vector in the direction of the vessel by identifying
a vector that is approximately orthogonal to the gradients in
a local neighborhood [17–19]. Hence, the flow direction can
be used as a feature vector to build a statisticial PMM for
segmentation of blood vessels and attached nodules.

In this paper, the structure tensors are computed by
directly using the gradient information of each voxel, which
is different from themethod given in the literature [19]. In the
literature [19], a 3 × 3 correlation matrix 𝐺𝐺𝑇 is essentially
a structure tensor defined by the statistical information of
arithmetic average in local region, which will weaken local
features in each voxel to a certain degree. We assume that
𝑇 is the structure tensor, whose eigenvalues are 𝜆

1
, 𝜆
2
, and

𝜆
3
(𝜆
1
≤ 𝜆
2
≤ 𝜆
3
). Let 𝑒

1
be the unit length eigenvector

belonging to the eigenvalue 𝜆
1
. A vector pointing in flow

direction is set as

𝑙
1
= √𝜆

3
⋅ 𝑒
1
. (8)

Since vectors in opposite directions indicate the same
direction of a blood vessel, it is possible to invert some of the
vectors so that the majority of the vectors of the same blood
vessel have consistent orientation. This can be achieved in a
simple way by inverting all vectors with an angle difference in
the range of [0, 𝜋]. Let 𝑒 be the unit vector in the flow angle
𝜋/2. The regularized flow direction vector 𝑜

𝑖
is

𝑜
𝑖
= {

−𝑙
𝑖

⟨𝑙
𝑖
, 𝑒⟩ ∈ [−1, 0 )

𝑙
𝑖

otherwise.
(9)

3.1.3. The Proposed Hybrid PMM of Juxtavascular Nodules.
As mentioned in Section 3.1.1, our proposed hybrid PMM
takes both the appearance and geometric information into
consideration. The observations, V = (𝐼

𝑖
, 𝑢
𝑖
, 𝑜
𝑖
), as described

in Section 3.1.1, include both the appearance and geometric
information. According to medical knowledge of anatomy,
blood vessels are similar to tubes, whose flow directions show
a Gaussian distribution [17]; and the pulmonary nodules
are similar to spheres. Furthermore, the intensity values of
pulmonary nodules and those of blood vessels are almost
uniform. So assuming that the mixture components are
multivariate Gaussian distributions [18, 19, 30], and that there

is a uniform noise component in the mixture, a statistical
PMM for the blood vessel and juxta-nodule is obtained:

𝑓 (V | 𝜃) =
𝑀−1

∑

𝑖=1

𝛼
𝑖
𝜙 (V | 𝜇

𝑖
, Σ
𝑖
) + 𝛼
𝑀
𝑝
𝑀
(V) , (10)

where 𝑓(V | 𝜃) is the density of a parametric finite mixture
model; V is the observation vector, V = (𝐼

𝑖
, 𝑢
𝑖
, 𝑜
𝑖
); 𝜃 =

(𝛼
1
, . . . , 𝛼

𝑀
, 𝜃
1
, . . . , 𝜃

𝑀
) is the vector of parameters; 𝜃

𝑖
is

composed of the elements of𝜇
𝑖
; ∑
𝑖
.𝜙(V | 𝜇

𝑖
, ∑
𝑖
) is the density

of a multivariate Gaussian random vector with mean 𝜇
𝑖
and

covariancematrix∑
𝑖
;𝑝
𝑀
(V) is amultivariate uniformdensity

function, 𝑝
𝑀
(V) = 1/𝜋; 𝛼

𝑖
is the structure weight coefficient

(the inner mixing proportion), ∑𝑀
𝑖=1

𝛼
𝑖
= 1. 𝜇 and 𝜎 are the

mean and variance of the multivariate Gaussian distribution,
respectively. Parametric models for nodules and vessels can
be obtained from (9) when using𝑀 = 3.

3.2. Implementation of PMM-Based Segmentation Refinement
of Juxtavascular Nodules. The algorithm for PMM-based
segmentation refinement of juxtavascular nodules is carried
out in the following steps.

(1) Based on local structure analysis, the shape features,
for example, compactness or sphericity factors, are
used to distinguish segmented objects in Section 2
and judge whether or not they contain the blood
vessels and juxtavascular nodules. Just some filtering
objects/regions need to be refined by using the follow-
ing PMM-based segmentation refinement method.
The correction method locally refines the nodule seg-
mentation along recognized vessel attachments only,
without modifying the nodule boundary elsewhere.
This allows for computation cost to be reduced.

(2) All features including 3D gradient flow direction
features are extracted and computed. PMM for jux-
tavascular nodules is constructed. Parameters are esti-
mated by using the generalized mixture decomposi-
tion algorithm scheme (GMDAS) of EM (expectation
maximization) algorithm.

(3) Classification and performance assessment.

The basic reasoning behind this algorithmic family
springs from our familiar Bayesian philosophy. We assume
that there are 𝑚 clusters, 𝐶

𝑗
, 𝑗 = 1, . . . , 𝑚, underlying the

data set. Each vector V
𝑖
, 𝑖 = 1, . . . , 𝑁, belongs to a cluster 𝐶

𝑗

with probability 𝑃(𝐶
𝑗
| V
𝑖
). A vector V

𝑖
is appointed to the

cluster 𝐶
𝑗
if

𝑃 (𝐶
𝑗
| V
𝑖
) > 𝑃 (𝐶

𝑘
| V
𝑖
) 𝑘 = 1, . . . , 𝑚, 𝑘 ̸=𝑗. (11)

4. Classification of Pulmonary Nodules Using
Knowledge-Based and C-SVM Classifier

As mentioned above, pulmonary nodules are classified by
using the knowledge-based C-SVM classifiers. First, the
knowledge-based piecewise linear classification is used to
remove easily dismissible nonnodule objects. Then, C-SVM
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classification is used to further classify nodule candidates and
reduce the number of false positive (FP) objects. Here, the
nodule candidates filtered by the knowledge-based piecewise
linear classification are used as the training and testing
samples set of C-SVM, and their intensity, shape and texture
features in 2D space and 3D space, selected and extracted
based on knowledge, are used as the input parameters of C-
SVM.

4.1. Feature Selection and Extraction Based on Knowledge.
Feature selection and extraction play an important role in
the intelligent recognition of pulmonary nodules. How to
select and extract features is the key for intelligent detection
of pulmonary nodules. In this paper, 2D and 3D features are
calculated and used for detection of pulmonary nodules.

Clinical manifestation and pathological features of pul-
monary nodules in CT include position, shape, lobulation,
burr sign, notch, calcification, satellite lesion, and pleural
retraction sign [31, 32]. According to the pathomorphology
of pulmonary nodule lesions, a small lesion appears as a
circle because it has not encountered many obstacles in its
growing process; when the lesion grows to a certain degree,
it shows spherical shape, and lobulation and notch signs
appear due to the barrier of neighborhood bronchus trees
and blood vessels; as the lesion grows further, it oppresses the
bronchia, blood vessel, or pleura and exhibits rough edges,
meanwhile continuous burr sign and lobulation appear.
Moreover, burr sign, lobulation, and cavitation with GGO
edges appear blur and uneven, which are the most important
pathomorphological features in mid-later growing season;
thus, they can be represented by the compact ratio.Therefore,
shape features are still the most important features for the
detection of true pulmonary nodules. Furthermore, nodule
candidate extraction is often disturbed by bronchus and
blood vessels in pulmonary hilar. So, we can, therefore, select
some features for detecting pulmonary nodules according to
expert knowledge. For example, the area feature reflects the
size of the nodule.The compactness, reflecting degree close to
circle and smoothness of region, can be used to detect rough
edges; the rougher the edge is, the smaller the compactness
is. The concavity ratio feature reflects the degree of concavity
of the region boundary.The compactness and concavity ratio
features correspond to the burr sign of pulmonary nodules.
The inverse difference moment feature reflects smoothness,
or the degree of alternately concave and convex change in
the region boundary. In summary, some features in 2D space
and 3D space described in Table 1 are calculated including
gray, position, shape and texture features. Suppose the size
of the CT image is 𝑀 × 𝑁, the gray value is 𝐼(𝑥, 𝑦) at the
point (𝑥, 𝑦). In centroid calculation, 𝑚

𝑝𝑞
is the 𝑝 + 𝑞-order

origin moment; in diameter and ellipticity calculation, 𝜇
𝑝𝑞

is
the 𝑝 + 𝑞-order central moment; in perimeter calculation;
𝑛
𝑒
is the even code number of chain code, and 𝑛o is the

odd code number; in circularity calculation, 𝑟
𝑖
is the radius

of inscribed circle, and 𝑟
𝑐
is the radius of circumcircle; in

slenderness and rectangle degree calculation,𝑊 is the width
of the potential nodule object, and𝐻 is the height. Moreover,
some features of the segmented object in 3D space are more
useful to distinguish nodules and vessels, such as the volume

of the segmented object and the volumetric quotient which is
the ratio of the volume of the segmented object to the volume
of its circumspherewhose radius is half of the long axis. Given
the fact that a nodule is generally either spherical or has local
spherical elements, while a blood vessel is usually cylindrical,
then the volumetric quotient of the pulmonary nodule is close
to 1, yet that of the vessel is far less than 1.

4.2. Classifiers of Pulmonary Nodules Based on
Knowledge-Based C-SVM

4.2.1. Knowledge-Based Piecewise Linear Classifier in 3D
Space. A knowledge-based piecewise linear classifier in 3D
space is designed to remove easily dismissible nonnodule
objects frompulmonary nodule candidates.The feature space
of knowledge-based piecewise linear classification is formed
by four features, including volume, volumetric quotient, and
mean and standard deviation of intensity in 3D space.

4.2.2. Nodules Classification Based on Knowledge-SVMClassi-
fier. The C-SVM is used to solve the problem of unbalanced
dataset. The nodule candidates set is a typical unbalanced
dataset, in which the nodule samples are far less than the
non-nodule samples; so the C-SVM is fit for the classification
in an unbalanced dataset. In this paper, nodule candidates
are regarded as the samples set 𝑋 = [𝑠

1
, 𝑠
2
, . . . , 𝑠

𝑁
]
𝑇,

where 𝑁 denotes the number of total samples, and 𝑠
𝑖
(𝑖 =

1, 2, . . . , 𝑁) is a row vector, representing the feature set of
any sample.The nodule candidates filtered by the knowledge-
based classification are used as the training samples set of C-
SVM, and their intensity, shape and texture features in 2D
space and 3D space are taken as the input parameters of C-
SVM.The input data of C-SVM are normalized to [0, 1], and
the class label of C-SVM𝑦

𝑖
∈ {+1, −1}, 𝑖 = 1, 2, . . . , 𝑁 (where

+1 corresponds to a nodule and −1 to a nonnodule) of the
corresponding sample 𝑥

𝑖
is also given.Then the samples’ label

set is𝑌 = [𝑦
1
, 𝑦
2
, . . . , 𝑦

𝑁
]
𝑇 and the dataset can be represented

as (𝑋, 𝑌).The decision function of theC-SVM is given as [33]:

𝑓 (𝑠) = sgn[
𝑙

∑

𝑖=1

𝑎
𝑖
𝑦
𝑖
𝐾(𝑠
𝑖
, 𝑠
𝑗
) + 𝑏] , (12)

where 𝐾(𝑠
𝑖
, 𝑠
𝑗
) is a nonlinear kernel function, 𝑏 ∈ 𝑅, and 𝑎 is

constrained as follows: 0 ≤ 𝑎
𝑖
≤ 𝐶
+
, for 𝑦

𝑖
= +1, and 0 ≤ 𝑎

𝑖
≤

𝐶
−
, for 𝑦

𝑖
= −1 where 𝐶

+
and 𝐶

−
are penalties for class +1

and −1, respectively.
In order to increase the efficiency of the SVM, a training

method is used to train the SVM, which uses the grid
search method to search the optimal parameters of C-
SVM and selects the sequential minimal optimization (SMO)
working set, using second-order information to achieve fast
convergence. Also the RBF (radical basis function) kernel
function is used in this paper, defined as

𝐾(𝑠
1
, 𝑠
2
) = exp (−𝛾𝑠1 − 𝑠

2



2

) , (13)

where 𝛾 is the parameter.
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Table 1: Features calculation of every potential nodule object.

Features Definition

Intensity

Mean value 𝐺
𝑚

𝐺
𝑚
= ∑
𝑀

𝑥=1
∑
𝑁

𝑦=1
𝐼(𝑥, 𝑦)/(𝑀 × 𝑁), in 2D space

Standard deviation 𝐺
𝑢

𝐺
𝑢
= ∑
𝑀

𝑥=1
∑
𝑁

𝑦=1
(𝐼(𝑥, 𝑦) − 𝐺

𝑚
)
2, in 2D space

Mean 𝐺
𝑚3D of intensity In 3D space

Standard deviation 𝐺
𝑢3D of intensity In 3D space

Position Centroid (𝑖
0
,𝑗
0
) 𝑖

0
= 𝑚
10
/𝑚
00
, 𝑗
0
= 𝑚
01
/𝑚
00

Shape

Area 𝐴 𝐴 = ∑(𝑓(𝑥, 𝑦) = 1), in 2D space

Perimeter 𝐿 𝐿 = 𝑛
𝑜
+ √2𝑛

𝑒
, in 2D space

Diameter 𝑎
Long axis in 2D space,

𝑎 = 2 × [[2(𝜇
20
+ 𝜇
02
− √(𝜇

20
− 𝜇
02
)
2

+ 4𝜇
2

11
)]/𝜇
00
]

1/2

Ellipticity 𝑒 𝑒 = 𝑎/𝑏, 𝑎, 𝑏 are the long axis and short axis, respectively, in 2D space
Circularity 𝐶 𝐶 = 𝑟

𝑖
/𝑟
𝑐
, in 2D space

Slenderness 𝑆 𝑆 = min(𝑊,𝐻)/max(𝑊,𝐻), in 2D space
Rectangle degree 𝑅 𝑅 = 𝐴/(𝑊 ×𝐻), in 2D space

Compactness 𝐹
𝐹 = 4𝜋𝐴/𝑃

2, 𝑃 is the perimeter of region contour. 𝐴 is the area in 2D space
Compactness ratio reflects degree closing to circle and smoothness of region. And 𝐹

can be used to detect the rough feature of edge

Concavity ratio 𝐸 𝐸 = 𝑆
𝑒
/𝑆, 𝑆 is area of concave region, 𝑆

𝑒
is difference of convex hull and original

region, and 𝐸 reflects cupped degree of boundary
Volume In 3D space
Volumetric quotient In 3D space
The long axis of the circumsphere In 3D space

Texture Energy, contrast, entropy, and adverse
moment In 2D space

Table 2: The number of GGO, juxtavascular, and other nodules.

Nodule
type

GGO pulmonary
nodule

Juxtavascular
pulmonary nodule Others Total

Number 49 80 35 164

5. Experimental Results

Two databases were used to evaluate the effectiveness of
the proposed method: one consisting of 60 thoracic CT
scans obtained from LIDC database [34], another database
consisted of 60 thoracic CT scans from several hospitals. The
used medical CT slices were data sets with an intensity value
of 16 bits and a resolution of 512 ∗ 512. Slice thickness varied
from 0.5 to 2.5mm and the total slice number for each scan
varied from 52 to 384 with an average of 135/scan. The X-
ray tube current ranged from 30 to 250mA, and the pixel
size ranged from 0.5mm/pixel to 0.7mm/pixel. Pulmonary
nodules in CT images are solid or GGO (part-solid or
nonsolid), whose sizes are from 3mm to 30mm. Moreover,
locations of nodules are uncertain; some are isolated, others
are adhered to lung wall or blood vessels. Each scan was
read individually by members of a qualified panel and then
a consensual gold standard was defined by the panel. This
process defined ground truth of 164 nodules, and the number
of different kinds of nodules is shown in Table 2.

The whole dataset was randomly split into training and
testing datasets with the same number of scans (60 scans
each). The latter was used as the independent testing for
evaluating the performance of the trained classifiers, which
has 86 nodules. Some experimental results in each step of the
detection of pulmonary nodules as well as some discussions
are presented below.

The whole dataset was randomly split into training and
testing datasets with the same number of scans (60 scans
each). The potential nodule objects for training and testing
data sets of classification are generated by using the proposed
segmentation method described in Sections 2 and 3. The
latter was used as the independent testing for evaluating the
performance of the trained classifiers, which has 86 nodules.
Some experimental results in each step of the detection of
pulmonary nodules as well as some discussions are presented
below.

5.1. Segmentation of Potential Nodule Objects. The training
dataset was processed, and 1377 potential nodule objects
were segmented by using the proposed segmentationmethod
described in Sections 2 and 3.

5.1.1. Qualitative Validation. In order to validate the effect
of the proposed FIACM-based segmentation method and
PMM-based refinement method, the clinical data with GGO
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Table 3: Segmentation measure results (error rate).

CT image The edge-based
active model

The region-based
active mode

The classical integrated
active contour model The proposed active contour model

GGO pulmonary
nodule 0.21 0.26 0.16 0.11 FIACM-based

segmentation

Juxtavascular
pulmonary nodule 0.21 0.29 0.19 0.13

FIACM-based
segmentation +

PMM-based refinement

Table 4: Experimental training data set (60 scans with 78 nodules).

Data set Positive samples Negative samples Feature number
Pulmonary
nodules 78 1299 21

nodules and juxtavascular nodules should be segmented and
explored.

A comparison for segmentation of GGO nodule between
the proposed FIACM-based segmentation method and the
traditional approach, for example, region-based active con-
tour model [7] and integrated active contour model [14], is
shown in Figure 4. From Figure 4, the described segmenta-
tion method outperforms the traditional methods. As shown
in Figures 4(c) and 4(d), the problem of boundary leakage at
boundaries of a GGO pulmonary nodule occurs, while the
problem is solved in Figure 4(e).

In this paper, juxtavascular nodules are segmented under
a single segmentation framework. First, it is segmented by
using FIACM-based segmentation method; then refinement
is achieved by using PMM-based segmentation refinement
method, shown in Figure 5. The refinement procession is
only applied to pixels in some regions containing the blood
vessels and juxtavascular nodules. For this reason, the cor-
rection and refinement method has the advantage of locally
refining the nodule segmentation along recognized vessel
attachments only, without modifying the nodule boundary
elsewhere. Figures 5 and 6 illustrate the segmentation results.
From Figures 5 and 6, the described segmentation method
outperforms the traditional methods. Figure 6 shows the
segmentation results of a juxtavascular pulmonary nodule
using the proposed method, region-based active contour
model [7], and the integrated active contour model [14],
respectively. As shown in Figures 6(c) and 6(d), the problem
of boundary leakage occurs in the adhesion place between
the juxtavascular nodule and its attached vessel, while the
problem of boundary leakage does not occur in Figure 6(e),
which is solved by the proposed FIACM-based segmentation
and PMM-based refinement method.

5.1.2. Quantitative Validation. Beyond the visual inspection,
a quantitative analysis is necessary to ascertain the accuracy
of the proposed segmentation method.

In this paper, the well-known Tanimoto/Jaccard error
𝐴(𝐶
𝑚
, 𝐶
𝑜
) [12] is used as the validationmerics, which refers to

distances between segmentation results or to volume overlaps
between the gold standard and the proposed segmentation

method. The gold standard typically is a high-quality ref-
erence segmentation carried out by experts. 𝐴(𝐶

𝑚
, 𝐶
𝑜
) is

defined as

𝐴 (𝐶
𝑚
, 𝐶
𝑜
) = 1 −

∫
𝐶
𝑚
∩𝐶
𝑜

𝑑𝑥 𝑑𝑦𝑑𝑧

∫
𝐶
𝑚
∪𝐶
𝑜

𝑑𝑥 𝑑𝑦𝑑𝑧

, (14)

where 𝐶
𝑚
and 𝐶

𝑜
are the extracted and the desired contours,

respectively.
In Table 3, the desired contour extracted manually and

compared with the segmentation contours by the proposed
method, the region-based active contour model using local
region information, and the integrated active contour model
combining curvature and statistical information. Table 3
shows that the errors of the proposed method are less than
the other two traditional methods.

5.2. Training of SVM. After the preprocessing step, 1377
potential nodule objects in the training dataset were detected,
including 78 pulmonary nodules and 1299 negative samples
(nonnodules), shown in Table 4.

For the training dataset, the knowledge-based piecewise
linear classifier was firstly used to remove easily dismissible
FP regions. Some easily dismissible nonnodule objects are
removed from pulmonary nodule candidates, and by using
a a knowledge-based piecewise linear classifier, in total, 395
nodule candidates were generated at the initial stage (317
nonnodule regions and 78 nodule regions). As discussed in
Section 4.2.1, the four features, such as volume, volumetric
quotient, and mean and standard deviation of intentisy are
calculated and used for knowledge-based piecewise linear
classification. After the piecewise linear filtering, for the
remaining nodule candidates, the weighted C-SVM was
then employed to further remove FP regions. The weighted
SVM was trained using the following scheme. The nodule
candidates are classified by k-cross-validation training and
testing the SVM. After that, the grid search method is used
to search the optimal parameters 𝐶

−
and 𝛾 of C-SVM in

this paper. In the grid search method, there should be a
criterion to determine the optimal parameters. However, how
to find a best criterion is still a difficult problem in the case of
unbalanced dataset. Sensitivity and specificity are often used
to measure the performance of the classification system; but
they are often a tradeoff.The criterion of AUC (area under the
ROC curve) is chosen to train C-SVM. When AUC reaches
the maximum, the minimums of 𝐶

−
and 𝛾meeting the AUC

condition will be chosen. In Table 5, when sensitivity reaches
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Table 5: K-fold CV results using the grid search for optimal parameters of C-SVM classifier.

Parameters TP FN TN FP Sensitivity Specificity Accuracy AUC
𝐾 = 3, 𝐶

−
= 0.5, and 𝛾 = 1 18 9 85 21 0.667 0.802 0.774 0.7529

𝐾 = 4, 𝐶
−
= 4, and 𝛾 = 0.25 13 7 72 8 0.650 0.9 0.85 0.7769

𝐾 = 5, 𝐶
−
= 4, and 𝛾 = 2 11 4 52 11 0.733 0.825 0.808 0.7359

𝐾 = 6, 𝐶
−
= 2, and 𝛾 = 1 10 3 46 7 0.769 0.868 0.848 0.7688

𝐾 = 7, 𝐶
−
= 2, and 𝛾 = 4 7 4 42 3 0.636 0.933 0.875 0.7769

𝐾 = 8, 𝐶
−
= 2, and 𝛾 = 8 7 2 36 3 0.778 0.923 0.896 0.8610

𝐾 = 9, 𝐶
−
= 0.5, and 𝛾 = 0.125 7 1 32 3 0.875 0.914 0.907 0.9116

𝐾 = 10, 𝐶
−
= 8, and 𝛾 = 0.5 7 1 30 1 0.875 0.968 0.949 0.9159

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

Figure 4: Segmentation result of a nonsolid GGO pulmonary nodule. (a) Original CT image; (b) the segmentation result carried out by
experts; (c) the segmentation result by region-based active contour model; (d) the segmentation result by integrated active contour model;
and (e) the segmentation result by the proposed FIACMmodel.

(a) (b) (c)

Figure 5: Segmentation results of the juxtavascular pulmonary nodule. (a) Original CT image, nodule adjacent to blood vessels; (b) whole
segmentation result by FIACM-based method; and (c) segmented juxtavascular nodule after the fine segmentation by using PMM-based
refinement method.

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

Figure 6: Segmentation results of the juxtavascular pulmonary nodule. (a) Original CT image; (b) the segmentation result carried out by
experts; (c) the segmentation result by region-based active contour model; (d) the segmentation result by integrated active contour model;
and (e) the segmentation result by the proposed FIACM-based segmentation and PMM-based refinement method.
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Table 6: Detection performance of the proposed method on the
testing dataset (60 scans with 86 nodules).

Total
nodule Nodule detected Accuracy rate FP per scan Sensitivity

86 83 95.4% 1.1/scan 88.2%

Table 7: The variation of nodule detection performance over all
cases on independence testing data based on the proposed method.

Highest Lowest STD (standard deviation)

Sensitivity 100% 64% 0.089
Specificity 100% 81% 0.093
False positive 6 1 1.7

Table 8: The different nodule sizes on independent testing data.

Nodule type ≤5mm 5–10mm 10–20mm Total
GGO pulmonary
nodule 3 10 16 29

Juxtavascular
pulmonary nodule 2 27 12 41

Others 4 6 8 18

Table 9: Detection performance for GGO and juxtavascular pul-
monary nodules (60 scans).

Nodule type Total
nodule

Nodule
detected

Detection
rate

FP per
scan

GGO pulmonary
nodule 29 28 96.5% 2.7/scan

Juxtavascular
pulmonary nodule 41 39 95.1% 3.1/scan

87.5%, specificity is 96.8%, and the performance of the SVM
is considered the optimum.

5.3. Validation of the Proposed Detection Method. The pro-
posed detection method and trained model was tested on
the independent data. Experimental results of recognition
for pulmonary nodules show desirable performances of
the proposed method. The experimental results using the
proposedmethod indicate the performances with a detection
rate of 95.4% with 1.1 FPs/scan (sensitivity of 88.2%), shown
in Table 6.

By using the proposed method, Table 7 shows the vari-
ation in sensitivity and FP rate over all cases on the inde-
pendent testing data. As it is known that different imaging
parameters (e.g., different slice thickness and different tube
currents) may affect the nodule detection performance, the
proposed method tries to limit the influence by tuning the
model (choosing the optimal parameters) on a wide range
of nodules with different sizes, slice thickness, and radiation.
The experimental results on the independent dataset demon-
strate the generalizability of the proposed method.

Some detected results of the proposed method are shown
in Figures 7, 8, and 9, which are the detection results of GGO
nodules and juxtavascular nodules, respectively.

(a) CT original image (b) Detection result

Figure 7: Detection result of the case containing a small GGO
nodule.

(a) CT original image (b) Detection result

Figure 8: Detection result of the case containing a small pure GGO
nodule.

Table 8 illustrates the final detection sensitivity based
on the different nodule size groups for the GGO nodules,
juxtavascular nodules, and others, by using the proposed
method on the independent testing data. Others include
some solid solitary nodules and juxtapleural nodules. And
Table 9 shows the detection performance for GGO and jux-
tavascular pulmonary nodules. Some juxtavascular nodules
are nonsolid, hence they are also GGO nodules. In our exper-
iment, there are two types of nodules, juxtavascular nodules
and GGO nodules. These types are registered, respectively.

The proposed CAD algorithm was implemented and
tested on the computer with 2.13∗ 2GHzCPU, 4GBMemory
and Graphic Card FX 5800. On average, it takes about
1.06min/scan.

6. Discussion

The experimental result shows a detection accuracy rate of
95.4%with 1.1 FPs/scan (sensitivity = 88.2%) for the proposed
method using the independent dataset.The detection perfor-
mance for GGO and juxtavascular pulmonary nodules was
the detection of 96.5%with 2.7 FPs/scan, and the detection of
95.1% with 3.1 FPs/scan, respectively.

We attempt a comparison with the results reported
by other research groups. Most of algorithms have been
developed for solid nodules. Lee et al. [35] proposed a genetic
algorithm (GA) template matching (GATM) technique for
detecting nodules within the lung area. Shape and gradient
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(a) CT original image (b) Detection result (c) Detection result in 3D dataset

Figure 9: Detection results of the case containing a juxtavascular nodule.

features rules were used to reduce false positives (FPs). A
sensitivity of 72% was achieved with 31 FP/scan. Paik et al. [5]
proposed surface normal overlap (SNO) method to capture
the concentration of normals by calculating derivatives of
intensity images. Results on eight chest datasetswere reported
with 90% sensitivity and 5.6 FP/scan for solid nodules.
Recently, for detection of GGO nodules, Kim et al. [36] used
texture features and a three-layered neural network to detect
GGO nodules. They tested 14 scans with tube dose from 200
to 400mA and achieved a sensitivity of 94.3%. Ye et al. [4]
proposed a shape-based SVMmethod for detecting nodules.
The 3D local geometric and statistical intensity features were
used to detect potential solid and GGO nodule. A detection
rate of about 90.2% (including solid and GGO nodules) and
FP at 8.2/scan was achieved. Unfortunately, most authors
did not report quantitative results for different typologies of
nodules according to proximity to surrounding structures
(such as well-circumscribed, juxtavascular nodules). Bae
et al. [37] used the morphologic matching algorithm to
detect pulmonary nodules. An overall sensitivity of 95.1%
for all nodules was achieved. The sensitivity for detecting
nodules according to category was 97.4% for isolated nodules,
92.3% for juxtapleural nodules, and 94.1% for juxtavascular
nodules. Diciotti et al. [3] refined the segmentation for
juxtavascular nodules based on a local shape analysis of the
initial segmentationmaking use of 3D geodesic distance map
representations. They observed a percentage of successful
segmentations of 84.8% in fully automated mode and of
91.0% by using an additional interactivemode (for improving
the segmentation quality of juxtavascular nodules). However,
nonsolid juxtavascular nodules (ground glass opacities) were
not considered in their work.

Comparing with different CAD models covered in the
literature [1, 4] and other reported literatures above, it seems
that the proposed method’s relatively high detection rate, fast
computation, and applicability to different imaging condi-
tions and nodule types showmuch promise for clinical appli-
cations. As a rule, nodule detection systems consist of several
steps: (a) preprocessing; (b) object segmentation/candidate
detection; (c) false positive reduction; and (d) classification.
Most techniques often try to cheaply segment and detect
the potential nodules in an attempt to drastically reduce the
number of these FPs. These steps are, however, crucial in
improving the detection rate and reducing the number of
false positives. The reason why the proposed method has

a better performance for detecting all types of GGO and
juxtavascular nodules are as follows.

(1) Candidate detection: the purpose of candidate detec-
tion is to avoid missing potential nodules. Moreover
in this step, the precise segmentation of potential
nodule is often a necessary step to computer analysis,
extraction, and computation of features, which is
important for false positive reduction. As mentioned
before, our solution for efficiently segmenting the
potential nodule objects involves two steps: (i) a
FIACM-based segmentation method for a whole
segmentation and (ii) a segmentation refinement
method based on PMM, for accurate segmentation
of potential juxtavascular nodules. The former is
especially used for low-contrast nodules such as part-
solid and nonsolid GGO nodules, to overcome the
problems of boundary leakage, “weak” local minima
and high computational cost, while the latter, referred
to as a fine segmentation, is used to segment potential
juxtavascular nodules. So the correction method has
the advantage that it locally refines the nodule seg-
mentation along recognized vessel attachments only,
without modifying the nodule boundary elsewhere.

(2) False positive reduction: in this paper, pulmonary
nodules are classified by using the knowledge-based
C-SVM classifiers. First, the knowledge-based piece-
wise linear classification is used to remove easily
dismissible nonnodule objects. Then, C-SVM classi-
fication is used to further classify nodule candidates
and reduce the number of false positive (FP) objects.
Moreover, 2D and 3D features are used for classifica-
tion of potential nodule objects.

However, some nodules (false negatives) are missed by
the proposed method. Typically, these nodules are too small
(almost 2mm) and juxtapleural nodules and of very low
contrast, which makes it difficult to segment and extract the
effective features.

To further improve the detection performance, some
improvements need to be further investigated as follows: (a)
in order to recognize small and juxtapleural pulmonary nod-
ules in noisy image more effectively, an adaptive smoothing
method needs to be further investigated, and the juxtapleural
and pleural-tail nodules should be further researched; (b) in
this paper, intelligent recognition of pulmonary nodules is
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studied. However, intelligent differentiation of benign and
malignant nodules is not considered. This requires further
investigation.

7. Conclusions

In this paper, an improved detection method of pulmonary
nodules in chest CT images, combining FIACM-based seg-
mentation method, segmentation refinement method based
on PMM of juxtavascular nodules, and knowledge-based C-
SVM classifier, is proposed for detecting various types of
pulmonary nodules, especially for GGO nodules (part-solid
and nonsolid) and juxtavascular nodules. This study demon-
strates the superiority of the proposedmethod.The described
segmentation method outperforms the traditional methods,
and evaluating the algorithm on the provided test data leads
to an average Tanimoto/Jaccard error of 0.11 and 0.13 forGGO
and juxtavascular nodules, respectively. The experimental
results using the proposedmethod indicate the performances
with a accuracy rate of 95.4% with 1.1 FPs/scan (sensitivity of
88.2%). Different types of challenging nodules such as low-
contrast part-solid/nonsolid GGO nodules and juxtavascular
nodules are identified. The detection performance for GGO
and juxtavascular pulmonary nodules is the detection of
96.5% with 2.7 FPs/scan and the detection of 95.1% with
3.1 FPs/scan, respectively. Experimental results of recognition
for pulmonary nodules show desirable performances of the
proposed method.
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Bone extraction and division can enhance the accuracy of diagnoses based on whole-body bone SPECT data.This study developed
a method for using conventional SPECT for automatic recognition of the vertebral column. A novel feature of the proposed
approach is a novel “bone graph” image description method that represents the connectivity between these image regions to
facilitate manipulation of morphological relationships in the skeleton before surgery. By tracking the paths shown on the bone
graph, skeletal structures can be identified by performingmorphological operations.The performance of themethod was evaluated
quantitatively and qualitatively by two experienced nuclear medicine physicians. Datasets for whole-body bone SPECT scans in 46
lung cancer patients with bone metastasis were obtained with Tc-99mMDP.The algorithm successfully segmented vertebrae in the
thoracolumbar spine. The quantitative assessment shows that the segmentation method achieved an average TP, FP, and FN rates
of 95.1%, 9.1%, and 4.9%.The qualitative evaluation shows an average acceptance rate of 83%, where the data for the acceptable and
unacceptable groups had a Cronbach’s alpha value of 0.718, which indicated reasonable internal consistency and reliability.

1. Introduction
In nuclear medicine, bone scintigraphy is widely used to
detect bone metastases [1]. Technetium-99m methylene
diphosphonate (Tc-99mMDP) scanning is themost common
method of staging bone metastases and osteomyelitis in
routine examinations. In a common whole-body bone scan,
planar image scan protocol is usually used because it is
time-saving. However, overlapping objects in a planar image
may cause difficulty in interpreting images. Single pho-
ton emission computed tomography (SPECT), a functional
imaging method of reconstructing skeletal objects in three-
dimensional (3D) from different projection views, provides
more diagnostic information compared to planar imaging [2,

3]. Vertebral SPECT is also superior for detecting metastatic
foci [4].

When using SPECT for bone scan, segmentation is
essential for volume rendering and for perceiving overall
spatial relationships before extracting bones of interest for
further analysis. After segmentation, skeletal structures are
usually labeled so that abnormalities can be located auto-
matically. However, the significant noise and relatively poor
spatial resolution of SPECT often degrade nuclear imaging
quality, which makes labeling difficult [5]. In whole-body
bone scan images, the Tc-99mMDP uptake can also be
seen in some organs. The image contains not only bone
sections but also some parts of soft tissues. To ensure
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adequate specificity, an automatic lesion detection algorithm
is needed to distinguish soft tissues from skeletal structures.
Additionally, image brightness could be irregular for different
bone sections. Therefore, optimizing the global threshold
for image intensity is difficult when extracting skeletal
structures. Moreover, SPECT imaging provides a unique
challenge in this issue because the 3D process for a SPECT
image is time-consuming. Thus, an automated computer-
aided detection/diagnosis (CAD) system is urgently needed
to increase efficiency and effectiveness in bone metastasis
screening.

So far there have been several studies proposed to solve
segmentation problem in whole-body bone scan images. One
of the simplest proposed solutions for solving the segmenta-
tion problem in whole-body bone scanning is binary classi-
fication based on gray level, such as thresholding or region
growing. Erdi et al. proposed a semiautomated approach
for quantifying the area of bone metastases [6]. After the
user selects a seed point for each lesion, the procedure
automatically extracts the abnormality and calculates the
percentage of lesion involvement in each bone. The main
contribution of this approach is saving physician’s time on
drawing region of interest (ROI). Yin and Chiu considered
taking experts’ knowledge into account to deal with seg-
mentation problem [7]. Their approach to bone scintigraphy
used a knowledge-based bone division method to detect
abnormalities by performing fuzzy analysis of asymmetries
in bone morphology. Although this approach eventually
achieved good performance in hand and leg regions, it
performed poorly when analyzing bones in the head and
vertebral column. In Šajn et al., the extreme edges of the
main skeletal regions were used as reference points [8]. Their
study demonstrated that the obtained reference points are
helpful for skeletal segmentation in bone scintigraphy. Sadik
et al. proposed a procedure for building a decision-support
system [9]. Abnormalities extracted according to threshold
values were classified on a scale from 0.0 to 1.0 by an artificial
neural network analysis of 14 clinical features. However, this
approach could not detect areaswith high symmetry andhigh
uptake such as joints and vertebrae. Huang et al. proposed
a CAD system for using a hybrid method of bone division
to analyze planar whole-body bone images [10]. Fuzzy set
histogram thresholding technique was used to differenti-
ate bones from soft tissues. Morphological knowledge was
then applied to preform skeleton segmentation. Finally, a
bandwidth concept was introduced to detect hot spots. The
overall sensitivity was 92.1% with 7.58 false detections per
image.

In recent decades, the development of CAD systems for
planar nuclear medicine imaging has steadily improved in
terms of automation and sensitivity. However, fully automatic
segmentation of whole-body bone SPECT scan images is
still an open issue, and relevant CAD applications are quite
limited in number. He et al. reported an image intelligent
system that provides automatic diagnosis to process whole-
body bone SPECT images [11]. The method employs optimal
thresholding algorithm to extract bone regions from back-
ground and uses histogram equalization to reduce the effect
caused by the high uptake of bladder. However, since the

Dataset Preprocessing Bone graph 
construction

Identification of
reference nodes

Pelvis
removal Spine extraction

Figure 1: The flowchart of the proposed method.

system does not contain any function for bone division to
provide skeletal information, the system cannot automati-
cally determine the positions of abnormalities and may fail
to reduce the ambiguity between bone lesions and normal
parts, such as joints and kidneys. Under this consideration,
our study extended a previous version of our CAD system
developed in 2009 [12] and designed a 3D segmentation
method for using whole-body bone SPECT images for struc-
tural analysis of human skeletal anatomy. In this paper, we
focus on the techniques of spine extraction, owing to the
reason that the vertebral column affects up to a third of all
cancer patients and is the most frequent site of metastatic
involvement of the skeleton [13].This study developed a novel
“bone graph” data structure for formulating bone segmen-
tation problems as a graph clustering problem. The study
includes quantitative and qualitative assessments to evaluate
the performance. Figure 1 shows a flowchart of the proposed
method.

2. Data Acquisition

The datasets were collected for 46 lung cancer patients with
bone metastasis who had received Tc-99mMDP whole-body
bone scans by SPECT at Buddhist Tzu Chi Hospital, Taipei
Branch.The SPECT images for all patients were reviewed by a
single experienced nuclear medicine physician. Patients with
renal abnormalities and patients who had received surgical
implants containing cement, rods, or screws were excluded
from the study. A GE Infinia Hawkeye 4 gamma camera
was used to acquire data in 6 degrees and with 16 seconds
per step. One detector head collected data in 180 degree
and another one collected data in the opposite 180 degree
[14]. The SPECT imaging started at 3.5 hours after tracer
injection. A full scan requires 5 sections, taking 8 minutes for
each. The scan time was 40 minutes in total. The projection
data were reconstructed using the GE’s Evolution for bone
reconstruction algorithm, where a 3D Collimator-Detector
Response compensation method is used and integrated into
an iterative reconstruction algorithm for SPECT images.
Each dataset was saved in Interfile (Analyze 7.5) format.
Image slices were included in a single image file and other
information were saved in a header file. This study was
reviewed and approved by the institutional review board
at Tzu Chi Hospital. This Health Insurance Portability and
Accountability Act-compliant single center is a retrospective
study. A waiver of informed consent was obtained because
the research involves no more than minimal risk and the
waiver will not adversely affect the rights and welfare of the
patients.
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Figure 2: The three axes of the coordinate system defined in the
proposed method.

3. Method

3.1. Preprocessing. A dataset containing whole-body bone
scan SPECT images is initially converted to bitmap for-
mat images in transaxial view. Assume that the coordinate
system of the images is defined as shown in Figure 2. A
threshold value 𝑇 is then applied to separate bone regions
from soft tissues. However, the partial-volume effect (PVE)
could lead to lower intensity values for voxels that only
partially represent bone regions. Therefore in this study,
moment-preserving thresholding is used to determine the
value of 𝑇 [15]. The thresholding method was computed
based on the image histogram improved by using boundary
characteristics, in order to avoid the interference caused by
a large background area or the extremely high intensities
from disease hotspots [16]. The image is then converted
into a binary image, 𝑏(𝑥, 𝑦, 𝑧), where 𝑏(𝑥, 𝑦, 𝑧) equals 1 if
the pixel value is larger than; otherwise, 0 is assigned. For
each image slice, a connected component with gray level
higher than 𝑇 is defined as bone region. Each region is
characterized by its shape features, including spatial center,
area and bounding box, which will be used to determine the
topological relationships among regions.

3.2. Design of Bone Graph Model

3.2.1. Graph Initialization. A special graph is used to describe
the connectivity between bone regions so that segmentation
problems could be solved with graph algorithms. This “bone
graph” can be represented by𝐺 = (𝑉, 𝐸), where𝑉 denotes the
node set and 𝐸 denotes the edge set. The elements of𝑉 and 𝐸

have the following characteristics.

(1) Each region (connected component) in each plane is
represented by a node in 𝑉.

(2) When a plane𝐾 contains a node𝑚, a plane 𝐿 contains
a node 𝑛, and 𝐾 < 𝐿, a directed edge extending from

𝑚 to 𝑛 (down-link) and a directed edge extending
from 𝑛 to 𝑚 (up-link) are added to 𝐸 if a projection
of node𝑚 onto plane 𝐿 overlaps with node 𝑛.

The construction of the bone graph is shown in Figure 3,
where the node level is determined by the number of slices to
which it belongs.The discrimination of uplink and downlink
can provide a clear definition to the edge direction on the
graph, which indicates a super-/subordinate relation link
between two nodes. For example, a node 𝑝 pointed by an
uplink from a node 𝑞 implies that the plane where 𝑝 is located
is higher than that of 𝑞.This prevents the traverse from falling
into the wrong level of image plane when nodes are scanned
in the upward or downward direction. Each edge is weighted
in order to evaluate the correlation between neighboring
nodes. If 𝑅(𝑖) is the set of projected pixels corresponding
to the node 𝑖, the edge weight, 𝑤

𝑖𝑗
, represents the region

similarity of the node 𝑖 with the node 𝑗 and can be defined
as follows:

𝑤
𝑖𝑗
=

|𝑅 (𝑖)|
𝑅 (𝑖) ∩ 𝑅 (𝑗)



𝑅 (𝑖) ∪ 𝑅 (𝑗)


2
. (1)

Varying from 0 to 1, a significant overlap of𝑅(𝑖)with𝑅(𝑗)will
result in a high value of 𝑤

𝑖𝑗
, as shown as Figure 4.

3.2.2. Model Optimization. Given the pairwise similarity
matrixW = (𝑤

𝑖𝑗
), segmentation using the bone graph can be

modeled by a graph-cut clustering framework.The similarity
between two clusters 𝐶

1
and 𝐶

2
is defined as follows:

𝑆 (𝐶
1
, 𝐶
2
) ≡ ∑

𝑖 ∈𝐶
1

∑

𝑗 ∈𝐶
2

𝑤
𝑖𝑗
. (2)

The objective of the proposed segmentation method requires
an iterative process of image region decomposition and graph
modification so that S(𝐶

1
, 𝐶
2
) is minimized to zero. The

algorithm is described next.

Step 1. At the beginning, a seed node is selected into a cluster
denoted by𝐶

1
, while each of the other nodes is a cluster itself,

denoted by 𝐶
𝑖
for 𝑖 > 1:

Step 2. For all 𝑖 > 1, if 𝑆
1𝑖
= S(𝐶

1
, 𝐶
𝑖
) > 0, the distance from

𝐶
1
to 𝐶
𝑖
is measured by the following cost function:

𝑑
𝑖
=


𝑆
1𝑖
− ∑
𝑗>1,𝑗 ̸= 𝑖

𝑆
𝑖𝑗



max (𝑆
1𝑖
, ∑
𝑗>1,𝑗 ̸= 𝑖

𝑆
𝑖𝑗
)

. (3)

If 𝑑
𝑖

< 0.5, then 𝐶
𝑖
is combined into 𝐶

1
; otherwise, 𝐶

𝑖
is

split to create more clusters. To achieve this, dame pixels are
built by using morphological operations to decompose the
corresponding image region into parts. The bone graph is
then updated to reflect this modification.

Step 3. If ∑
𝑖>1

𝑆
1𝑖

= 0, the process stops. Otherwise, it goes
back to Step 2 to continue.

Figure 5 illustrates a situation that requires cluster split-
ting. The graph pattern shown in this figure may occur at
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Figure 3: The construction of a bone graph. If the region 𝑚 in the plane 𝐾 overlaps the region 𝑛 in the plane L, and then a downlink edge
pointing from𝑚 to n and an uplink edge from 𝑛 tom (uplink) are added.

𝑗

𝑤𝑖𝑗 =
|𝑅(𝑖)||𝑅(𝑖) ∩ 𝑅(𝑗)|

|𝑅(𝑖) ∪ 𝑅(𝑗)|2

𝑖

(a)

𝑅(𝑗)

𝑅(𝑖)
𝑅(𝑖)∩𝑅(𝑗)

(b)

Figure 4:The edge weight 𝑤
𝑖𝑗
is computed as the similarity evaluation between two image regions. The value is based on the fraction of how

large the two regions overlap on the 2D projection plane, as shown in (b).

𝑖

𝐶1
𝑥

𝑆1𝑖

𝐶𝑖

(a)

𝐶1
𝑥

𝑆1𝑖 Dam

𝑖

(b)

Figure 5: (a) The pattern represents an unbalanced cluster 𝐶
𝑖
, which usually corresponds to a branching node in the graph. (b) A cluster

splitting procedure creates dame lines to separate the image region of the node 𝑖 into more parts. After that, the bone graph and its
corresponding clusters are updated so that the merging process can be continued.
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a branching node, such as shoulders, joints, or a vertebrae
nearby kidneys, which will result in irregular similarities
with neighboring clusters. The distance computed by the
cost function is used to evaluate this variance in order to
determinewhether the expansion of𝐶

1
would be trapped into

an unbalanced cluster. If so, a cluster splitting process is then
performed to modify the graph topology. At the end when
∑
𝑖>1

𝑆
1𝑖

= 0, the subgraph included in the cluster of 𝐶
1
is

entirely isolated and disconnected to other subgraphs, where
the image regions of the extracted subgraph form the final
segmentation result of interest.

3.2.3. Image Decomposition and Cluster Splitting. To decom-
pose a target region image M, a set containing 𝑛 reference
regions is defined as 𝑅

𝑀
, where 𝑅

𝑀
= {𝑀

𝑘
| 𝑀
𝑘

⊆

𝑀 and 𝑀
𝑥
∩ 𝑀
𝑦
= 𝜙 for 1 ≤ 𝑥, 𝑦 ≤ 𝑛 and 𝑥 ̸=𝑦}. To split

M, each 𝑀
𝑘
is iteratively enlarged by using morphological

dilation.The dilation is restricted within the bound of𝑀 and
continues until the entire area of𝑀 is filled. At each iteration,
the coordinates where two dilated regions met are marked as
dam points. Once this procedure completes, the dam points
are removed, which therefore separates𝑀 into 𝑛 subregions.

According to the algorithm in Section 3.2.2, if a clustering
splitting procedure is required for 𝐶

𝑖
, we decompose the

image region of 𝐶
𝑖
in order to create more clusters. Suppose

that the image region of 𝐶
𝑖
is defined as 𝑀. As illustrated

in Figure 5(b), if the node 𝑥 in 𝐶
1
connects to the node 𝑖 of

𝐶
𝑖
, then assume that 𝑅(𝑥) denotes the set of projected pixels

corresponding to the node𝑥.The set of reference regions,𝑅
𝑀
.

can be assembled by the following regions:

𝑅
𝑀

= {[𝑅 (𝑥) ⊕ 𝐵] ∩ 𝑀} ∪ {𝑟 | 𝑟 ⊆ [𝑀 − 𝑅 (𝑥)] ⊗ 𝐵} . (4)

The symbols ⊗ and ⊕ represent image morphological oper-
ators, respectively, for erosion and dilation. The term 𝐵 is
a 5 × 5 window, denoting the structuring element for the
morphological operations. The image region of 𝑀 is then
decomposed based on 𝑅

𝑀
. Finally, the nodes and edges of

the bone graph, as well as node clusters, are therefore updated
according to the new topology.

3.3. Details of the Proposed Method

3.3.1. Identifying Reference Nodes. Two reference nodes are
required as anatomical landmarks in the bone graph, includ-
ing neck and hip-joint. To identify the reference node for
neck, the top node of the graph is retrieved at first, and then
the down-links are traced through each node in successive
slices. For each traversed node, as the bounding box area of
its corresponding region is examined, the maximum area is
updated as a representative value of the cross-sectional area
for head. Since the cross-sectional area of neck is relatively
smaller than that of head, the reference node of neck, denoted
as RPNeck, is marked if its corresponding region has the
bounding box with area less than a threshold. In our study,
the threshold value is determined based on human anatomy
as well as the physicians’ recommendations, which is 40% of
the maximum cross-sectional area of head.

For the reference node of hip joint, the thresholded
images computed in the preprocessing section are used to

𝑝(𝑥) 𝐿𝑥

𝑅𝑥

𝑥

𝑦

𝑅𝑦

𝑇𝑥

𝑝𝑅(𝑦)

Figure 6: The accumulation of the horizontal counts of nonzero
pixels from the bottom to the 𝑘th image plane where 𝑘 is given.

identify the nodes of two legs on the bone graph. First, pixels
in the last third of the binary imageswere scanned.The counts
of nonzero pixels were then computed over the 𝑥-axis as
follows:

𝑝 (𝑥) = ∫

𝑛

𝑛/3

∫

𝑦

𝑏 (𝑥, 𝑦, 𝑧) 𝑑𝑦 𝑑𝑧. (5)

As illustrated in Figure 6, the curve of p(x) has two peaks
relatively corresponding to the positions of the two legs.
Since the curve is highly symmetrical, the two groups can
be separated by an optimal global threshold obtained by a
binarization method [17]. In Figure 6, 𝐿

𝑥
and 𝑅

𝑥
indicate

the coordinates with the maximum values in their respective
groups on the 𝑥-axis. The ratios of nonzero pixel count over
the 𝑦-axis, denoted as 𝑝

𝐿
(y) and 𝑝

𝑅
(y), are also recomputed.

The 𝑦 coordinates with the maximum values of 𝑝
𝐿
(y) and

𝑝
𝑅
(y) are, respectively, defined as 𝐿

𝑦
and 𝑅

𝑦
. Next, by

centering on the pixels at the coordinates of (𝐿
𝑥
, 𝐿
𝑦
) and

(𝑅
𝑥
, 𝑅
𝑦
) on each image plane, two ROIs, 𝑅LEFT and 𝑅RIGHT,

respectively, are definable where the diameters of the ROIs
were determined by the standard deviations computed from
𝑝
𝐿
(y) and 𝑝

𝑅
(y). The two ROIs are used to identify the leg

nodes in the bone graph. For a node, if the corresponding
region has the center locating within the ROI 𝑅LEFT or
𝑅RIGHT, the node is then marked as left or right leg node.
As tracing the uplinks for these nodes in the bone graph, the
tracking procedure marks the traversed nodes on the bone
graph as left or right leg nodes, which are then connected to
form a tracking path for each leg. The procedure eventually
identifies the node joining the two paths, which indicates
the location of the hip joint. The node is then marked and
designated the hip-joint reference node (RPHip-joint).

3.3.2. Spine Extraction. Given RPNeck as the initial node in
𝐶
1
, additional spine nodes are found by traversing upward

and downward in the graph to optimize the clustering of
bone graph model, as described in Section 3.2.2.This process
measures the cost for each node connecting to 𝐶

1
. Any node

satisfying the cost criterion will be marked as a spine node
and joined to 𝐶

1
. Also, as 𝐶

1
expands, the image region

decomposition and cluster splitting procedures are involved
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(a) (b) (c)
Figure 7: (a) and (b) show two examples of acceptable segmentation results and (c) illustrates an example of unacceptable result. The first
row denotes the transaxial planes extracted from the original SPECT data, whereas the second row lists their corresponding segmentation
results.

in order to disconnect the vertebral to other structures,
such as rib-cage, joints, pelvis, or kidneys. The segmented
image regions are then stacked into volumetric data. A
morphological opening with a 3×3×3 structuring element is
finally applied on the 3D image to smooth the segmentation
result.

3.3.3. Pelvis Removal. Residual urine activity in the bladder
often produces interference in whole-body bone scan images.
The bladder is close to the sacrum, and the urine activity usu-
ally has relatively higher pixel values compared to soft tissues.
Therefore, the bladder may be misinterpreted as part of spine
because of its location in a region connecting the vertebral
column in the bone graph. Because the bladder is surrounded
by the pelvis, the final step of spine segmentation is to exclude
the section of pelvis to avoid containing the bladder in the
final result. Two image planes are determined to evaluate the
range of pelvis. First, the leftmost and rightmost coordinates
on the 𝑥-axis for the regions corresponding to leg nodes are
computed. Given the thresholded images as input, the pixels
notwithin this range are excluded as background. In addition,
the pixels of the regions corresponding to the nodes marked
as spine or as legs are also eliminated from the images. In the
image plane where the hip-joint reference node is located,
the nonzero pixels are selected as initial seed points. A 3D
region-growing segmentation algorithm is performed on the
image stack to form a connected component for the pelvis
[6]. On the 𝑧-axis, the upper and lower ends of the connected

component are marked to generate a range for representing
pelvis location. In the extracted segmentation result, any pixel
labeled as spine within this range is removed.

3.4. Evaluating Segmentation Result. The study includes qua-
ntitative and qualitative assessments to evaluate the per-
formance. For the quantitative assessment, segmentation
accuracywas tested by comparing the automatically extracted
vertebral column images to the ground truth. Since the
datasets of the study do not have corresponding CT images
as gold standard, the manual segmentation was obtained
by image thresholding that followed a sequence of manual
adjustments to remove the structures not belonging to ver-
tebral column, where the optimal threshold value was chosen
manually for each dataset. The accuracy was measured with
three different error measures: true-positive (TP) and false-
positive (FP) volume fractions, which were defined as follows
[18]:

TP =
Volume (𝐴

𝑎
∩ 𝐴
𝑚
)

Volume (𝐴
𝑚
)

,

FP =

Volume (𝐴
𝑎
∪ 𝐴
𝑚
) − Volume (𝐴

𝑚
)


Volume (𝐴
𝑚
)

,

FN =

Volume (𝐴
𝑎
∪ 𝐴
𝑚
) − Volume (𝐴

𝑎
)


Volume (𝐴
𝑚
)

,

(6)
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(a) (b) (c)

Figure 8:The reconstruction of the segmentation result classified as acceptable. (a) Original transaxial image plane, (b) segmented vertebral
regions (white), and (c) the 3D reconstruction, where the white line denotes the height for the left three images in (a).

where the term𝐴
𝑚
refers to the vertebral regions determined

bymanual segmentation and𝐴
𝑎
are the ones extracted by the

proposed method.
For the qualitative evaluation, two experienced nuclear

medical physicians independently examined the segmenta-
tion results. In this test, each dataset was classified “accept-
able” or “unacceptable” by a physician after comparing the
original images with those obtained by the computer. A
dataset is classified as acceptable if only a few slices (fewer
than 10%) had computed ROIs that did not perfectly match
the boundary of spine bone region and in which the segmen-
tation areawould not substantially affect the future identifica-
tion of lesions and other abnormalities. Finally, unacceptable
segmentation denotes an error in ROI computed for skeletal
structures or other organs (e.g., the kidney or bladder) that
was large enough to produce a misdiagnosis. Finally, the
acceptance rate of the method was quantified by the ratios
of datasets that were classified “acceptable”.

Figure 7 shows examples of segmentation results. The
images in the first row denote the transaxial planes extracted
from the original SPECT data, whereas the second row
lists their corresponding segmentation results. The regions
colored in light grey represent the segmented vertebrae
regions. Figure 7(a) shows a perfect segmentation result
where bone regions can be successfully extracted and fully
isolated fromother skeletal structures and organs. Figure 7(b)
shows segmented bone regions partly covering soft tissues.
These regions generally had lower intensities and were not

considered hot spots.Thedataset was also classified as accept-
able segmentation since the partial obstruction and reduced
intensity did not affect diagnostic accuracy. However, if
the segmented area overlapped kidney regions as shown in
Figure 7(c), the result was then classified as unacceptable.

To test the reliability of the independent evaluations
by two different physicians, Cronbach’s alpha values were
computed for the two sets of grades. The Cronbach’s alpha
value is a statistical measure of the correlation between two
groups of observed scores, which is used to determine the
internal consistency between two observers [19]. That is,
expert evaluations should be considered trustworthy only if
their evaluations are adequately correlated. The equation for
calculating Cronbach’s alpha is

𝛼 =
𝑘

𝑘 − 1
(1 −

∑
𝐾

𝑖
𝑠
2

𝑖

𝑠
2

𝑇

) , (7)

where 𝑘 is the number of items, 𝑠2
𝑖
is the variance in the

𝑖th item and 𝑠
2

𝑇
is the variance in the total score formed

by summing all the items. In the study, k equals 46, which
corresponds to the number of datasets. Each item was
assigned a score of 0 or 1, to represent an unacceptable or
acceptable segmentation result.The theoretical value of alpha
value varies from zero to 1, where a higher value larger than
0.7 is desirable for an appropriate degree of reliability.
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(a) (b) (c)

Figure 9: Another dataset that was also classified as acceptable. (a) Original transaxial image plane, (b) segmented vertebral regions (white),
and (c) the 3D reconstruction, where the white line denotes the height for the left three images in (a).

Table 1: Correct acceptance rates of the method.

Physician 1 Physician 2 Average
Acceptable 41 (89%) 35 (76%) 83%
Unacceptable 5 (11%) 11 (24%) 17%
Total 46 46

4. Results and Discussion

The area error metrics TP and FP can quantitatively evaluate
the performance of the proposed method. The average TP,
FP, and FN percentages obtained by the system were 95.1%,
9.1%, and 4.9%, respectively. For the qualitative assessment,
Table 1 lists the ratios for the two categories assigned by the
twophysicians. According to the table, 89%and 76% (average,
83%) of all images were acceptable.

Figures 8–10 show three segmentation results, whichwere
reconstructed by surface rendering using the Visualization
ToolKit (VTK). Figures 8 and 9 demonstrate acceptable
segmentation results, while Figure 10 shows an erroneous
outcome for those classified as unacceptable.The first column
in Figures 8–10 lists three transaxial slices extracted from
their original SPECT data, and their positions are given in
the third column. Figures 8 and 9 show successfully extracted
vertebral columns in which high-activity organs such the
kidney or bladder were fully excluded (images in second
column). Figure 10 shows a case in which the horizontal

boundary of one kidney is very close to the spine. The
method initially grouped the bone and kidney as a single bone
region, which produced errors in subsequent iterations of the
segmentation procedure. The Cronbach’s alpha values for the
two sets of grades (0.718) exceeded 0.70, which indicated that
the grades had reasonable internal consistency and reliability.

Factors that can degrade image quality and produce
segmentation error [20–22] include equipment malfunctions
such as those in a camera that has not been serviced regularly
or the use of an inaccurate flood correction map, which
can produce image noise and may cause a nonuniform
appearance similar to that produced by soft-tissue uptake.
Additionally, movement by the patient frequently causes
blurred images, which may be misinterpreted as soft-tissue
uptake. Finally, even when performed correctly, soft tissues
may cause faulty uptake patterns when using the proposed
method.

The degree of noise in SPECT images also varies due to
the factors of different imaging protocols and reconstruction
parameters and therefore could affect the accuracy of the
method. So far the proposedmethod has only focused onhow
to delineate important landmarks on skeleton and extracting
vertebral column from the original SPECT image. Therefore,
the imaging protocol and scan time used in the study were
managed to guarantee reduced noise in the image. In the
proposed method, most noise in the background and soft
tissues can be removed by the moment preserving method.
In the future, a more complicated image filtering algorithm
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(a) (b) (c)
Figure 10: The reconstruction of the segmentation result classified as unacceptable. In this case, the kidneys are very close to the spine due
to ectopia. (a) Original transaxial image plane, (b) segmented vertebral regions (white), and (c) the 3D reconstruction, where the white line
denotes the height for the left three images in (a).

for noise reduction can be used in the preprocessing step
if the other imaging protocols are considered. Comparison
between different preprocessing algorithms and how they
impact on the segmentation accuracy will also be analyzed.

5. Conclusions

Compared to planar bone scintigraphy, SPECT scan pro-
vides better contrast resolution without superposing body
structures, which increases the specificity of positive scan
findings and improves accuracy in locating equivocal lesions.
Furthermore, an automated CAD system can effectively help
doctors to identify whether a whole body bone SPECT scan is
abnormal. As shown in the study of He et al. [11], bone lesions
can be recognized according the morphological data of high
uptake regions, but with the lack of spatial information, false-
negativesmay still remain due to the ambiguity of high uptake
resulted by neighboring organs and skeletal joints. Combin-
ing functional data with anatomical findings should further
increase its diagnostic accuracy. However, without the aid of
an additional CT component, the anatomical information of
bone scintigraphy acquired by SPECT is difficult to interpret
due to the complexity of human skeletal structures. For
conventional SPECT scan, this study developed a software
solution for recognizing important anatomical landmarks
on SPECT bone scintigraphy. To our knowledge, this study
is the first to address this problem. The proposed “bone
graph” image description method graphically depicts the

connectivity between bone regions on neighboring images so
that bone specialists can graphically manipulate the morpho-
logical relationships of skeletal structures. By using the graph
to characterize the images, the problem of vertebral column
extraction can be solved by applying graph algorithms.

Extracting the vertebral column is a challenging task
because the spine is connected to many other skeletal struc-
tures such as the skull, shoulder bones, rib cage, and pelvis.
By tracking their paths with the proposed bone graph, mor-
phological operations can be performed to isolate these parts.
For each dataset, the performance of the proposed method
was confirmed by independent reviews of images by two
experienced nuclear medicine physicians. According to the
quantitative evaluation, the segmentation method achieved
a high TP rate of 95.1% and a low FN rate of 4.9%, showing
thatmost of the ROIs obtained automatically by the proposed
method have a large percentage of overlapping to the manual
segmentation. The FP rate was 9.1%, which was slightly
higher than the FN percentage due to the segmentation that
erroneously included kidneys and other skeletal structures.
The qualitative assessment shows an average acceptance rate
of 83%. The Cronbach’s alpha value between the two sets
of scores was 0.718, which indicated reasonable internal
consistency reliability.

Although the algorithm successfully segmented vertebrae
in the thoracolumbar spine, errors may occur in sections
near the bladder. Because tracer not taken up by bones is
excreted in the urine of a patient with normal renal function,
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the bladder and kidneys are overenhanced in a whole-body
bone scan image, which may complicate the segmentation
of vertebrae. High bladder activity reportedly renders up
to 20% of SPECT pelvis scans unusable [23]. The proposed
method, however, simply used the computed reference lines
to define a VOI around the pelvis to exclude the bladder.
Other techniques, such as atlas-based registration scheme
[24], can be adopted to improve the segmentation accuracy.
Nevertheless, this method may exclude lesions near the
sacrum, which would increase the false-negative rate. The
recent development of integrated hybrid SPECT/CT systems,
which provide functional and anatomical images in the same
scanning session, could significantly improve its diagnostic
capability [25]. From the perspective of image engineering,
both SPECT and CT require segmentation techniques for
extracting the important anatomical information to achieve
a precise image fusion. This study develops an approach in
delineating human anatomy using SPECT images without the
aid of CT. In the future, the anatomical information extracted
by using the proposed image characterization technique can
be combined with image registration and fusion method in
the SPECT/CT system for improving anatomic localization
of a suspected site of increased radiotracer uptake at bone
scanning. The result of this study can be further applied
on the detection and localization of bone metastases in
vertebrae. In future studies of whole-body bone division,
the authors will include hot spot detection in the proposed
bone graph. Partial extraction of SPECT image data will
enable investigators to exclude typical hot spots such as
joints. In addition, contrast enhancement or thresholding
approaches can be optimized for different skeletal sections to
improve irregularly distributed intensity. For classifying bone
metastases, the authors will also explore methods combining
texture analysis with a machine-learning algorithm. The
proposed segmentation method may also be used to increase
diagnostic accuracy and efficiency in an automated CAD
system for quantitatively estimating bone metastases.
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