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Lung cancer screening for identifying early lung cancer has been achieved by
follow-up computed tomography (CT) techniques. In lung cancer screening,
benign and malignant nodules can be classified through nodule growth
assessment by measuring temporal changes in the volume and intensity of
nodules in succeding follow-up CT scans. Various automatic or semi-automatic
nodule segmentation methods have been developed for nodule volumetry and
growth assessment for solid nodules. However, ground glass opacity (GGO)
nodules are very elusive to automatically segment due to their inhomogeneous
interior. The nodule growth assessment of GGO nodules can be achieved by
the subtraction after registration between follow-up CT scans. During the
registration, the volume of nodule regions in the floating image should be

i

preserved, whereas the volume of other regions in the floating image should be
aligned to that in the reference image. Several constraints for preserving the
nodule volume have been proposed in the analysis of nodule changes that
occur between reference and floating images. However, they are not
appropriate for GGO nodules due to the lung respiratory motion and the
difficulty of nodule segmentation. In this dissertation, we propose an accurate
and fast deformable registration method. It applies the volume-preserving
constraint to candidate regions of GGO nodules, which are automatically
detected by gray-level cooccurrence matrix (GLCM) texture analysis.
Considering that GGO nodules can be characterized by their inner
inhomogeneity and high intensity, we identify the candidate regions of GGO
nodules based on the homogeneity values calculated by the GLCM and the
intensity values. Furthermore, we accelerate our deformable registration by
using Compute Unified Device Architecture (CUDA). In the deformable
registration process, the computationally expensive procedures of the floating
image transformation and the cost function calculation are accelerated by using
CUDA. The experimental results demonstrated that our method almost
perfectly preserves the volume of GGO nodules in the floating image as well
as effectively aligns the lung between the reference and floating images.
Regarding the computational performance, our CUDA-based method delivers
about 45.9× faster registration than the conventional method. Our method can

ii

be successfully applied to a GGO nodule follow-up study and can be extended
to the volume-preserving registration and subtraction of specific diseases in
other organs.

Keywords: B-spline deformable registration, Compute unified cevice
architecture (CUDA), Follow-up study, Grey-level co-occurrence matrix
(GLCM) texture analysis, Ground glass opacity (GGO) nodule, Nodule
growth assessment, Volume-preserving constraint.
Student Number : 2004-23570
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Introduction

1.1 Background
Medical imaging techniques are increasingly being used to diagnose a variety
of diseases, plan treatment, guide treatment, and monitor disease progression.
In many of these studies, vast amounts of images are acquired from patients at
different times with several imaging modalities such as X-Ray, Magnetic
Resonance Imaging (MRI), Computed Tomography (CT), Ultrasound (US),
Positron Emission Tomography (PET), and Single Positron Emission
Tomography (SPECT). For diagnosing the diseases and monitoring disease
progression, it is desirable to compare images obtained from patients. From
these large datasets, it is very tedious and time-consuming task to diagnose the
diseases and monitor disease progression for clinicians. To reduce their effort,
it is required to develop the applications for computer-aided diagnosis.
1

Computerized approaches offer potential benefits, particularly by accurately
aligning the information in the different images, and providing tools for
visualizing the combined images. An essential stage in this process is the
alignment of registration of the images.

1.2 Medical Image Registration
Registration typically refers to the procedure by which one determines a
transformation that relates the position of feature in one image or coordinate
space with the position of the corresponding feature in another image or
coordinate space [Hill 2001]. Mathematically, for two images I R and I F , we
seek to minimize a similarity measure SM . The geometric transformation that
minimizes the similarity measure is the solution and is found as
Tˆ = arg min SM ( I R (x), I F (T (x)))

(1.1)

T

Image I R is usually referred to as the reference and I F is called the floating
image. We now have two images: I R (x) and I F (T (x)) whose similarity can
now be computed under the hypothesized transformation T , which is
discussed in Section 2.1.1. SM is a generic similarity measure and is
discussed in Section 2.1.2. Figure 1.1 shows the medical image registration
2

framework.
Reference Image

voxels

Similarity Measure

Similarity measure value

voxels

Optimizer
Interpolator

Floating Image

voxels

Transform
parameters

points

Transform

Figure 1.1 Medical image registration framework.

1.3 Problem Statement
Chest CT has been widely used for diagnosing pulmonary metastasis in
oncology patients and for assessing lung cancer progression and regression
during treatment [Heitzman 1986][Howe 1987]. Recently, lung cancer
screening for identifying early lung cancer has been achieved by CT
techniques [Henschke 1999][McNitt-Gray 1999][Bae 2005][Way 2006].
Figure 1.2 shows the general lung cancer screening. In the CT lung cancer
screening, benign and malignant nodules are classified through nodule growth
assessment in follow-up CT scans. The nodule growth is typically assessed by
measuring temporal changes in the volume and intensity of nodules in
succeeding follow-up CT scans [Staring 2009].

3

(a)

(b)
Figure 1.2 General lung cancer screening for identifying early lung cancer (a)
cancer case (b) no cancer case.

Various kinds of automatic or semi-automatic nodule segmentation methods
[Yankelevitz

2000][Kostis

2003][Ginneken

2006][Kuhnigk

2006][Li

2008][Hardie 2008][Moltz 2009] have been developed for pulmonary nodule
volumetry and growth assessment. Among pulmonary nodules, solid nodules
can be easily and automatically segmented due to their intensity homogeneity.
In contrast, ground glass opacity (GGO) nodules are very elusive to
automatically segment due to their inhomogeneous interior [see Figure 1.3].
Furthermore, inhomogeneous inner parts of GGO nodules include both
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abnormal nodule parts and normal cells. When normal cells inside GGO
nodules change into abnormal nodule parts, GGO nodule growth occurs. This
kind of GGO nodule growth does not change the outer shape around the nodule
[Staring 2009], so nodule volumetry assessed by segmentation of GGO nodule
boundary cannot detect this kind of nodule growth. Therefore, the nodule
growth assessment for GGO nodules requires to be accompanied with the
examination of intensity changes between follow-up CT scans.

(a)

(b)

Figure 1.3 Pulmonary nodule type (a) solid nodule (b) ground glass opacity
(GGO) nodule.

The intensity change between two images (e.g. each from each follow-up
5

scan) can be easily visualized by using a subtraction image between them.
Prior to subtracting images, lung should be aligned between follow-up CT
scans. However, there can be great difference in the lung between follow-up
CT scans due to variations in patient positioning and respiration as well as due
to inadvertent alterations of the imaging protocol. Such lung difference makes
it difficult to accurately align corresponding nodules in follow-up scans,
hampering the nodule growth assessment [see Figure 1.4].

(a)

(b)

(c)

Figure 1.4 The intensity change analysis by using a subtraction image between
original CT scan and follow-up CT scan (a) original CT scan (b) follow-up CT
scan (c) subtraction image between original CT scan and follow-up CT scan.

The lung with big difference between follow-up scans is being usually
aligned through deformable registration [Yin 2009]. Deformable registration
can be formulated as an optimization problem that minimizes a cost function

6

consisting of a similarity measure and a regularization term. An intensity-based
similarity measure has been successfully applied to the mono-modality image
[Lemieux 1998][Friston 1996][Hajnal 1995]. The optimal transformation
search between two images is an ill-posed problem [Rohlfing 2003], so the
regularization term, such as a smoothness constraint [Rueckert 1999] and
linear elasticity constraint [Christensen 2001][Fischer 2004], should constrain
the transformation. However, deformable registration with such constraints
[Rueckert 1999] [Christensen 2001][Fischer 2004] makes the nodule shape in a
floating image (i.e. follow-up scan) similar to that in a reference image (i.e.
original scan), causing the accurate assessment of nodule growth to fail [see
Figure 1.5].

7

(a)

(b)

(c)

Figure 1.5 The intensity change analysis by using a subtraction image between
original CT scan and follow-up CT scan (a) original CT scan (b) follow-up CT
scan (c) subtraction image after deformable registration between original CT
scan and registered follow-up CT scan.

1.4 Main Contribution
The purpose of this study is to develop deformable registration method that
applies the volume-preserving constraint only to candidate regions of GGO
nodules automatically detected by grey level co-occurrence matrix (GLCM)
texture analysis. We improve both the registration accuracy and the speed by
applying the volume-preserving constraint not to the entire lung region
[Rohlfing 2003] or pre-segmented region [Staring 2007] but to an
automatically detected candidate regions of GGO nodules. As the insides of
GGO nodules can be characterized by their inhomogeneity and GGO nodules
8

have relatively high intensity values, our method identifies candidate regions
of GGO nodules based on the homogeneity value calculated by GLCM and the
intensity value. In addition, we accelerate our deformable registration using
CUDA [Nickolls 2008]. Deformable registration with high computational
complexity of requiring the displacement vector computation at each voxel is
effectively improved by using the parallel processing technique of CUDA.

1.5 Organization of the Dissertation
The organization of the dissertation is as follows. Chapter 2 gives the related
works in image registration, volume-preserving registration, and CUDA
accelerated techniques. In Chapter 3, we describe a detection method of the
volume-preserving regions around GGO nodules using texture analysis. In
Chapter 4, we introduce the proposed method of GGO nodule volumepreserving registration. Chapter 5 presents the experimental results of this
study. Finally, we summarize and conclude this dissertation in Chapter 6.

9
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Related Works

In this section, we briefly introduce the related works about general image
registration and volume-preserving registration. In Section 2.1, we will review
the general image registration methods with classified as registration
components. In Section 2.2, we will review the volume-preserving registration
methods between follow-up scans acquired at different times.

2.1 Image Registration
Registration can be split into the following components: Transformation model,
intensity interpolation, similarity measure, and optimization. The specific
transformation models, intensity interpolants, similarity measures, and
optimizers can vary widely depending on several factors. In the next few
10

sections, we will discuss some of the commonly used approaches.

2.1.1 Transformation Model
The transformation T that needs to be estimated through the minimization of
any of the similarity measure is presented in Eq.(1.1). T can be estimated
linearly or nonlinearly depending on the kind of deformation that the two
images differ by. Rigid and affine transformations are global (displaces all
voxels x ), linear (with a translation part) and are usually the first step towards
aligning the images.
Often parametric transformation models are initialized by specifying a
correspondence of landmarks in the two images, given by pi and qi ,
i = 1,..., n . Any number ( n ) of such landmarks may be provided ( n ³ 3 in 2D,

n ³ 4 in 3D). The objective is to estimate a globally optimal solution T , i.e.,
minimizing the similarity measure ( SM ) such that

qi = T (pi )

(2.1)

Nonparametric models are more recent and are typically used in large
deformation problems where every voxel is allowed to move independently
while constrained by an elastic or viscous fluid-based regularizer.

11

2.1.1.1 Affine Transformation Model
An affine transformation is given by
TAffine (x) = Ax + t

(2.2)

In the case of an over-determined system, the equality is not valid and the
coefficients are optimally estimated in a least squares sense [Rivlin 1969]. In
3D, A is a non-singular 3 × 3 matrix and t is same as the rigid
transformation. The transformation is described by twelve degrees of freedom.
The new coordinates based on the affine transformation are
x ' = a11 x + a12 y + a13 z + t x
y ' = a21 x + a22 y + a23 z + t y

(2.3)

z ' = a31 x + a32 y + a33 z + t z

Arun et al. have discussed a method of efficiently finding the rotation and
translation matrices for two point sets [Arun 1987]. Such transformations are
often inadequate in cases where organs may undergo local deformations and
will necessitate the use of splines, radial basis functions or free form
deformation models. The following sections discuss commonly used
transformations for deformable registration.

12

2.1.1.2 Radial Basis Functions (RBF)
A radial basis function is a univariate continuous function that is radicalized by
composition with the Euclidean norm on the n-dimensional space. For a
detailed discussion on RBFs, RBFs are essentially radially symmetric
continuous functions centered about control point locations [Buhmann 2000].
The coefficients are weighted by a function that depends on the distance from
the individual control points. Standard radial basis functions have the form
n

TRBF (x) =

(2.4)

åw f ( x - p )
i

i

i

where pi is the control point. The solvability of the coefficients ( wi ) for
certain types of bases is not guaranteed. Thin Plate Spline (TPS) basis is not
positive definite and a polynomial term is augmented to the interpolant to
make it uniquely solvable yielding
n

TTPS (x) =

m

å w f ( x - p ) + åu P ( x )
i

i

i

j

j

(2.5)

i

Imposing the additional constraint that the coefficient vector w and the
polynomial space are orthogonal, i.e.,
n

(2.6)

å w P (p ) = 0, j = 1,..., m
i

j

i

i

and substituting Eq. (2.5) in Eq. (2.4) we get the system
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P ù éw ù é qk ù
úê ú = ê ú
0 û ëu û ë 0 û

éK
ê T
ëP

(2.7)

where k refers to the coordinate. K is an n × n matrix of basis
functions: K ij = f ( pi - p j ) . There have been several papers more recently
in registration literature [Fornefett 2001][Rohde 2003][Wachowiak 2004] that
are built on theory developed by Wendland [Wendland 1995] and Wu [Wu
1995]. These compact RBFs consist of a single polynomial piece in the unit
interval [0, 1]. They are piecewise polynomial and positive definite which
eliminates the need for the polynomial part in Eq. (2.5) and can be solved for
directly as

Kw = qk

(2.8)

K is a full rank matrix and the coefficients can be directly computed. Some

y d ,k (r ) (same as f (r ) ) functions of Wendland are listed below for dimension
( d = 3) and smoothness parameter k :

y 3,0 = (1 - r ) 2+
y 3,1 = (1 - r ) 4+ (4r + 1)
y 3,2

(2.9)

35
= (1 - r )6+ ( r 2 + 6r + 1)
3

where
ì(1 - r ),0 £ r £ 1
(1 - r ) + = í
î 0, otherwise

(2.10)
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Functions with support a having the same properties can be obtained by
simply replacing r in the equation above with

r

a

. In the context of image

registration, it is important that the transformations do not fold, i.e., preserve
topology. Fornefett et al. discuss allowable support sizes a depending on the
displacement ( D ) of corresponding control points in the reference and floating
image for different y functions [Fornefett 2001]. It is not clear how the
conditions would change if the supports intersected.

2.1.1.3 Viscous Fluid Flow
In nonparametric approaches, every voxel is assigned a deformation vector and
is allowed to move independently, with suitable spatial regularization.
Christensen et al. have used the Navier-Stokes equation to model viscous fluid
flow [Christensen 1996][Christensen 1997]:

mÑ 2 v + (l + m )Ñ(Ñ × u) + b( v) = 0

(2.11)

where b( v ) is the body force that drives the deformation into registration, v
is the velocity of mass of a point passing through x at time t. The first term is
associated with constant volume and the second term relates to the growth or
shrinkage of local regions within the target. Christensen et al. used a cost
15

function based on a Gaussian sensor model [Christensen 1996]. The expression
for body force is obtained from the variation of the cost term with the
displacement field. They estimated the displacement fields iteratively by
solving a system of nonlinear partial differential equations through successive
over relaxation (SOR). These fields are constrained to be smooth, and regridding is performed when the transformations become singular. Such
methods were limited to intra-modality registration. In a recent effort,
D’Agostino et al. made several modifications, and extended it to intermodality using mutual information [D’ Agostino 2002].

2.1.1.4 Elastic Transformation Model
Elastic registration methods are also nonparameteric. Chefd’Hotel et al.
present an elastic registration method that can be used with mutual information
[Chefd’Hotel 2001]. For the transformation: TElastic (x) = x + u (x) , where u (x)
is the displacement field, the matching problem is defined as
I (u ) = J (u ) + a R (u )

(2.12)

J is the similarity term that could be based on sum of squared difference,
normalized cross correlation, or mutual information. R is the regularization

16

term that applies smoothing constraints on the deformation, and is usually a
function of the Jacobian of the deformation field. The displacements u can be
determined by solving the Euler equations (setting the variational of I to
zero). A gradient descent strategy was used in [Chefd’Hotel 2001] to solve for
the displacement fields.

2.1.2 Similarity Measure
Voxel similarity measures differ based on the intensity relationship of the two
images.

2.1.2.1 Normalized Cross Correlation (NCC)
Normalized cross correlation is more robust measure in that it can be used
when the images have a linear relationship. It is also sensitive to varying
illuminations, has a flatter similarity maxima and higher complexity compared
to sum of squared difference or sum of absolute difference. The most
commonly used form is given by

17

å(I
NCC =

R ( x) - I R

)( I F (T (x)) - I F )

xÎW

å(I
xÎW

R ( x) - I R

2

) å ( I F (T (x)) - I F )
xÎW

2

(2.13)

Recently correlation ratio [Roche 1998] has been proposed to register multimodality images assuming a know function that relates intensities.

2.1.2.2 Ratio-Image Uniformity
An alternative intramodality registration measure was proposed by Woods in
1992 [Woods 1992]. This algorithm was initially devised for registration of
multiple PET images of the same subject and has subsequently been widely
used for serial MR registration of the brain [Freeborough 1997]. The name
Ratio-Image Uniformity (RIU) has become used quite recently for this
algorithm, and it is also known as Variation of Intensity Ratios (VIR). The RIU
name does, however, explain well what the algorithm does.
For each estimate of the registration transformation, a ratio image Ratio is
calculated by dividing each voxel in I R by each voxel in I F T . The
uniformity of R is then determined by calculating the normalized standard
deviation of Ratio . The algorithm iteratively determines the transformation

18

T that minimizes the normalized standard deviation. The ratio image is

computed by
Ratio(x) =

I F (T (x))
I R ( x)

(2.14)

Given Ratio , RIU is calculated as
RIU =

sR
mR

where m R =

(2.15)
1
N

å Ratio(x)

xÎW

and s R =

1
N

å ( Ratio(x) - m )
R

2

.

xÎW

2.1.2.3 Partitioned Intensity Uniformity
Shortly after proposing the RIU method for intramodality registration, Woods
proposed a modified version of the algorithm for multimodality registration
[Woods 1993]. This second algorithm, which we call Partitioned Intensity
Uniformity (PIU), makes an idealized assumption that all voxels with a
particular MR voxel value represent the same tissue type so that values of
corresponding PET voxels should also be similar to each other. The algorithm
therefore minimizes the normalized standard deviation of PET voxel values for
each MR intensity value. The PIU algorithm can usefully be thought of in
terms of intensity histograms. For each intensity partition a in the MR image,
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there will be N R (a ) voxels distributed throughout the MR image volume that
have an intensity within this partition. For a given T of the registration
transformation, there will be N R (a ) PET voxels that co-located with these
MR voxels. The intensities of these PET voxels could be plotted as a histogram.
The PIU algorithm aims to find the transformation T that minimizes the
spread of that histogram for all partitions. The algorithm can fail unless the
histogram for each partition is unimodal.
For images I R and I F with voxels x , it is calculated as

PIU =

N R (a) s F T
N mF T
aÎ{a}

å

(2.16)

where I F T has been interpolated to have voxels of the same size and shape as

I R , the sum is carried out over the N voxels in I R Ç I F T , N R (a ) is the
number of voxels in image I R with intensity a , and m F T and s F T are the
mean and standard deviation of the voxels in image I F T that co-occur with
voxels whose intensities lie in partition a in image I R .

2.1.2.4 Joint Entropy
The Shannon entropy H is widely used as a measure of information in many
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branches of engineering. It was originally developed as part of information
theory in the 1940s and describes the average information supplied by a set of
symbols {s} whose probabilities are given by { p ( s )} .

H =-

å p(s) log p(s)

(2.17)

s

If all symbols s have equal probability, then entropy will be at maximum.
If one symbol has a probability of 1 and all others have a probability of zero,
then entropy will have a minimum value.
At first sight, image registration has little to do with measuring the amount
of information being transmitted down a communication channel. The use of
entropy and other information-theoretic measures for image registration came
about, however, after inspection of joint histogram and probability density
functions (PDFs). When the images are correctly aligned, the joint histogram
have tight clusters, surrounded by large dark regions. These clusters disperse as
the images become less well registered. The tight clusters in the histograms at
registration represent a small number of symbols s having high probabilities
p ( s ) . Surrounding dark regions in the joint histogram represent large number

of symbols with probability zero. As the clusters disperse, the high intensity
regions of the joint histogram become less intense, and previously dark regions
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in the histograms become brighter. Misregistration, therefore, results in an
increase in histogram entropy.
As a consequence of this observation, it was proposed that the entropy of the
PDF calculated from images I R and I F T should be iteratively minimized to
register these images.
Minimizing joint histogram entropy to register images can be thought of as
an extension of PIU minimization, Eq. (2.16). PIU minimization tends to
minimize the spread of the histogram of voxels in image I F T for each
intensity partition in image I R . Provided this histogram is unimodal, then
minimizing the spread will also minimize the entropy. The joint entropy
measure has two advantages over PIU. Firstly, it minimizes the spread of
clusters in two dimensions rather than just one. Secondly, minimizing entropy
does not require that the histograms are unimodal in the way that minimizing
variance does. For this reason, joint entropy would seem more generally
applicable to multimodality registration than PIU, and also obviates the need to
segment some parts of the image in order to avoid bi-modal histograms.
For images I R and I F with voxels x , the joint entropy is calculated as
H (I R , I FT ) = -

åå p
r

f

IR ,IFT

(r , f ) log pI

R ,IF
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T

(r , f )

(2.18)

where

pI

R ,IF

T

(r , f ) =

HIST [r , f ]
HIST [r , f ]

åå
r

is the joint probability density

f

function and HIST [r , f ] is the joint histogram.

2.1.2.5 Mutual Information (MI)
Entropy minimization as described in Section 2.1.2.4 is not a robust voxel
similarity measure for all types of image registration. The problem is that the
PDF from which the joint entropy is calculated is defined only for the region of
overlap between the two images, i.e., I R Ç I F T . The range and distribution of
intensity values in the portion of either image that overlaps with the other is a
function of T . The change in overlap with T can lead to histogram changes
that mask the clustering effects.
The solution to this difficulty, proposed independently by researchers at
Leuven, Belgium [Maes 1997] and MIT in the US [Wells 1996], is to use the
information-theoretic measure MI instead of entropy H . MI normalizes the
joint entropy with respect to the partial entropies of the contributing signals. In
terms of image registration, this measure takes account of the change in the
intensity histogram of images I R and I F T with T .
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For images I R and I F with voxels x , the joint entropy is calculated as
MI = H ( I R ) + H ( I F T ) - H ( I R , I F T ) = H ( I R ) - H ( I R | I F T )

where H ( I R ) = -

åp

IR

(r )log pI R (r ) and H ( I F T ) = -

r

åp
f

(2.19)
IFT

( f ) log pI T ( f )
F

are the entropies of the reference image I R and the transformed floating
image I F T , and

H (I R , I FT ) = -

åå p
r

f

IR ,IFT

(r , f ) log pI

R ,IF

T

(r , f ) is the

joint entropy. pI R (r ) and pI T ( f ) are the probability distributions of the
F

reference image and the transformed floating image, and pI

R ,IF

T

(r , f ) is the

joint probability distribution. It can be thought of as a measure of how well
I F T explains I R . If the images are well registered, then I F T reduces the

conditional entropy H ( I R | I F T ) in the equations above resulting in high MI.
Although joint entropy [Studholme 1995] can be used directly, MI was found
to vary more smoothly with mis-registration [Hill 2001].
More compactly it can be rewritten as

MI =

åå
r

f

pI

R ,IF

T

(r , f ) log

pI

R ,IF

T

(r , f )

pI R ( r ) pI T ( f )

(2.20)

F

MI was found to be more robust to poor image overlap compared to joint
entropy. Studholme et al. proposed Normalized Mutual Information (NMI)
[Studholme 1999] to overcome this dependence on overlap by normalizing MI
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with the joint entropy estimated from the joint histogram of the overlap volume
as
NMI =

H (I R ) + H (I FT )
H (I R , I FT )

(2.21)

2.1.3 Optimization
Finding the minimum of the similarity measure is multidimensional
optimization problem, where the number of dimensions corresponds to the
degrees of freedom of the expected geometrical transformation. The only
method yielding global extreme solution is an exhaustive search over the entire
image. Although it is computationally demanding, it is often used if only
translations are to be estimated.
In case of transformations with more degrees of freedom or in case of more
complex similarity measures, sophisticated optimization algorithms are
required, which help to localize the maxima or minima, respectively. In the
next few sections, we will discuss some of the commonly used approaches.
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2.1.3.1 Downhill Simplex
Downhill simplex method, due to Nelder and Mead [Press 2007], does not
require derivative information either and does not make use of a 1D
minimization algorithm. The method is initialized with N + 1 points, defining
a non-degenerate simplex in N -dimensional parameter space. This simplex is
then deformed iteratively by reflection, expansion or contraction steps in order
to move the vertices of the simplex towards the minimum of f . Convergence
is declared when the fractional difference between the lowest and the highest
function value evaluated at the vertices of the simplex is smaller than some
threshold.

2.1.3.2 Steepest Gradient Descent
The steepest gradient descent method is the most straightforward method for
incorporating gradient information in the minimization process. The minimum
of the function is found by a number of consecutive 1D line minimization steps
using, for example, Brent’s algorithm, each step starting at the minimum found
in the previous step and proceeding in the direction of the gradient at that point,
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i.e. the direction of steepest descent. Steepest gradient descent is in general not
a very good algorithm. Because the gradient generally does not point to the
optimum directly and because consecutive steps towards the optimum are
necessarily at orthogonal angles, many tiny steps are usually required before
reaching the optimum, especially when going down a long and narrow valley.

2.1.3.3 Conjugate Gradient Methods
Conjugate gradient methods try to overcome the problems associated with the
steepest gradient descent approach by trying to construct the new direction as
being conjugate to the previous one with respect to the function to minimize,
rather than down the gradient direction. A scheme to construct a set of
conjugate directions iteratively as the optimization proceeds has been proposed
by Fletcher and Reeves [Press 2007]. In each iteration i a line minimization
is performed in the direction di , starting at point xi and leading to point

xi+1 . Initially, d1 is set to the gradient vector g1 at point x1 . After each
iteration a new direction di+1 is constructed by

gi =

g i +1 × g i +1
gi × gi

(2.22)
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di +1 = g i +1 + g i × di

(2.23)

It can be shown that if f is quadratic, the vectors di are mutually conjugate
with respect to f [Press 2007], such that this scheme arrives at the exact
minimum of f in N iterations, requiring N gradient evaluations in all.
For non-quadratic f , more iterations are usually required.
Polak and Ribiere [Press 2007] introduced a small change to the FletcherReeves algorithm using the form

gi =

(g i +1 - g i ) × g i +1
gi × gi

For quadratic

f

(2.24)
both expressions for g i are identical because then

g i × g j = 0 , i ¹ j , but for non-quadratic f there is some evidence that the
Polak-Ribiere scheme converges faster than Fletcher-Reeves [Press 2007].

2.1.3.4 Quasi-Newton Methods
The basic idea of variable metric or quasi-Newton methods is to build up
iteratively a good approximation to the inverse Hessian matrix H -1 of the

N –dimensional function f to be optimized. If the function can be assumed
to be quadratic and H -1 is known, the step to take in iteration i from the
current point xi to the exact optimum x* of f
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can be determined by

setting Ñf = 0 as in Newton’s 1D optimization method. This gives

x* = xi - H -1 × Ñf (xi ) . Hence, di = - H -1 × Ñf (xi ) . is taken as the direction
in which a line minimization is performed in iteration .
Initially, di is set to the gradient vector and the first approximation H1-1
of H -1 is set to the identity matrix. Two approaches to iteratively update
H i-1 after each iteration using function and gradient evaluations have been

proposed by Davidon-Fletcher-Powell (DFP) and by Broyden-FletcherGoldfarb-Shanno (BFGS) [Press 2007]. For quadratic function f , both
schemes converge to H -1 in N iterations, hence requiring N gradient
evaluations in all to arrive at the exact minimum of f . For non-quadratic f ,
BFGS has been recognized to be superior in details of round-off error and
convergence tolerances [Press 2007].

2.1.3.5 Least-Squares Methods
Every minimization problem of a function f (x) in N dimensions can be
considered as a least-squares problem of recovering the N parameters x*
for which the least squared figure of merit f 2 (x* ) is minimal. An elegant
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method for general non-linear least squares has been put forth by Levenberg
and Marquardt [Press 2007]. The method varies smoothly between the
steepest-descent and inverse-Hessian approaches by solving at each iteration
i the incremental update d xi from the current estimate xi of the optimum

to the next one from the equation

(H i + l I ) × d xi = -Ñf 2 = -2 f × Ñf
with H i the Hessian of

(2.25)

f 2 at xi , I the identity matrix and l a

regularization parameter. For l approaching zero, Eq. (2.25) reduces to

H i × d xi = -Ñf 2 , which is the inverse Hessian method, bringing us from xi
directly to the optimum if f 2 is a quadratic function. For sufficiently large
values of l , H i + l I is diagonally dominant and Eq. (2.25) reduces to

d xi : -Ñf 2 , which is the steepest-descent method.
The

Hessian

matrix

H i = {H kl }

of

f2

is

approximated

by

H kl ; 2Ñf k × Ñfl . by ignoring the second derivative terms. At each iteration,
Eq. (2.25) is solved for d xi , using a moderate value for l , and f 2 is
evaluated at xi + d xi . If f 2 (xi + d xi ) ³ f 2 (xi ) , l is increased to favor the
steepest gradient approach and Eq. (2.25) is solved for a new trial step d xi . if
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f 2 (xi + d xi ) < f 2 (xi ) , xi +1 = xi + d xi ,

is taken as the new estimate for the

optimum and a new iteration is started after having decreased l to favor the
inverse-Hessian approach. Convergence is declared when f 2 decreases by a
negligible amount.
The Levenberg-Mrquardt method has advantage over the other gradientbased methods discussed herein that no line minimization is being performed
in each iteration, which saves a lot of function evaluations.

2.2 Volume-Preserving Registration
Several constraints for preserving the nodule volume have been proposed in
the analysis of nodule changes that occur between reference and floating
images [Rohlfing 2003][Loeckx 2004][Ruan 2006][Staring 2007].

2.2.1 Incompressibility Constraint
Rohlfing et al. proposed an incompressibility constraint for volume-preserving
registration of the breast region [Rohlfing 2003]. The design of their constraint
is motivated by the observation that many tissues in the human body, including
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the breast, are approximately incompressible for small deformations and short
time periods. In a small neighborhood of the point x , the local compression or
expansion caused by the transformation T can be calculated by means of the
Jacobian determinant
æ ¶Tx (x)
ç ¶x
ç
ç ¶Ty (x)
J (T (x)) = det ç
ç ¶x
ç ¶Tz (x)
çç
è ¶x

¶Tx (x)
¶y
¶Ty (x)
¶y
¶Tz (x)
¶y

¶Tx (x) ö
¶z ÷÷
¶Ty (x) ÷
÷
¶z ÷
¶Tz (x) ÷
÷
¶z ÷ø

(2.26)

The value of J (T (x)) is equal to one if the deformation at x is
incompressible, greater than one if there is local expansion, and less than one if
there is compression.
The incompressibility constraint penalty term is defined as the integral of the
absolute logarithm of the Jacobian determinant, integrated over the domain of
the image.
EJacobian =

1
W

å log( J (T (x))

(2.27)

xÎW

However, if the incompressibility constraint is applied to the entire lung
region, the registered-floating image cannot well align with the reference
image because the volume of the lung is greatly different between the two
images due to the lung respiratory motion.
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2.2.2 Rigidity Constraint
Staring et al. proposed a combined rigidity constraint consisting of an affinity
constraint and orthonormality constraint, and a properness constraint [Staring
2007]. They derive three constraints that must hold for a transformation
T (x) = x + u (x) to be a rigid transformation. These three constraints are

combined in one constraint, their rigidity constraint CRigid ( I F ; T ) , constructed
such that deviation from these three constraints is constrained. For a
displacement field u to be rigid, it must hold that
x + u (x) = Rx + t

(2.28)

with R and t a rotation matrix and a translation vector, respectively. Three
constraints on x + u (x) can be derived.
The affinity constraint AC (x) is made by the assumption that a rigid
transformation is an affine function in x , which state that the second order
derivatives of u to x have to be zero:
AC (x) = AC xx (x) + AC xy (x) + AC xz (x)
+ AC yy (x) + AC yz (x) + AC zz (x) = 0

where AC xx (x) is given by:
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(2.29)

é ¶ 2 u x ( x) ù
ê
ú
2
ê ¶x ú
ê ¶ 2 u y ( x) ú
ú
AC xx (x) = ê
2
ê ¶x ú
ê ¶ 2 u ( x) ú
z
ê
ú
2
êë ¶x úû

(2.30)

The remaining elements of AC (x) have an analogous form.
The orthonormality constraint OC (x) is made by the assumption that the
matrix R must be orthonormal for the R to be a rotation matrix. This
defines the orthonormality conditions ri × r j = d ij , for all i, j = 1, 2,3 , with
R = [r1 r2

r3 ] , and d ij the Kronecker delta function. OC (x) can be

written as
OC (x) = OC xx (x) + OC xy (x) + OC xz (x)
+OC yy (x) + OC yz (x) + OC zz (x) = 0

(2.31)

where OC xx (x) and OC xy (x) are given by:

OC xx (x) =

¶Tx (x) ¶Tx (x) ¶Ty (x) ¶Ty (x) ¶Tz (x) ¶Tz (x)
×
+
×
+
×
-1
¶x
¶x
¶x
¶x
¶x
¶x

(2.32)

OC xy (x) =

¶Tx (x) ¶Tx (x) ¶Ty (x) ¶Ty (x) ¶Tz (x) ¶Tz (x)
×
+
×
+
×
¶x
¶y
¶x
¶y
¶x
¶y

(2.33)

The remaining elements of OC (x) have an analogous form. The OC yy (x)
and OC zz (x) are similar with Eq. (2.32) and the others are similar with Eq.
(2.33). Note that the rotation matrix R is the Jacobian of the transformation
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x + u (x) . Therefore, the OC (x) term is equal to forcing orthonormality of

the Jacobian, which is used in [Loeckx 2004] and [Ruan 2006].
A matrix R satisfying the orthonormality conditions can still be proper of
improper, meaning that the determinant can still be either 1 or -1, respectively.
An improper orthonormal matrix corresponds to a rotation with an inversion
(mirroring). Therefore it is needed to impose the properness constraint
PC (x) = det(R ) - 1 = 0 , with the elements rij of the matrix R . Note that,

since R is the Jacobian of the transformation x + u (x) , this constraint
basically amounts to an incompressibility constraint from Section 2.2.1.
The rigidity constraint CRigid ( I F ; T ) is defined to be the sum of all these
constraints squared. In order to distinguish between rigid and nonrigid tissue,
the total constraint is weighted by a so-called rigidity coefficient c(x) Î [ 0,1]
of the tissue type at position x . This results in the following expression:

å c(x + u(x)){c

CRigid ( I F ; T ) =

AC AC ( x) + cOC OC ( x) +

xÎW

å c(x + u(x))

cPC PC (x) 2

}
(2.34)

xÎW

The weights c AC , cOC , and cPC determine the relative strength of each of
the three constraints. The rigidity coefficient c(x) is set to 0 for voxels x in
completely nonrigid tissue, and to 1 for rigid tissue. For setting the rigidity
coefficient, they segmented tumors in a preprocessing step and only applied
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the rigidity constraint to the segmented tumors. However, since it is difficult to
automatically segment GGO nodules a priori Staring’s method [Staring 2007]
is not appropriate for assessing nodule growth for GGO nodules.
Loeckx et al. proposed a local rigidity constraint to preserve calcified
regions and maintaining the shape of bony structures in CT angiography and
positron emission tomography scans [Loeckx 2004]. Their rigidity constraint is
similar with the OC from Staring’s method. They only applied the local
rigidity constraint to high-intensity regions. However, it was very sensitive to
the threshold value for the high-intensity regions.
Ruan et al. proposed a rigidity constraint similar to the OC in Staring’s
method [Ruan 2006]. They assigned 1 as the weight of high-intensity regions,
0 as the weight of low-intensity regions, and values between 0 and 1 as the
weight of intermediate regions, controlling the contribution of the constraint
during the registration process. However, it was time-consuming to compute
the constraint in all of the regions with non-zero weights.
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3
Detection

1장 서론

of

Volume-Preserving

Regions

As it is difficult to find the exact regions of the GGO nodules due to their
ambiguous boundary [Staring 2007], we automatically detect candidate regions
of GGO nodules. Considering that the insides of GGO nodules are
inhomogeneous, we detect the candidate regions of GGO nodules by applying
texture analysis using the homogeneity value from GLCM. The detected
candidate regions of GGO nodules are applied by the volume-preserving
constraint so that the nodule growth can be accurately assessed and the
subtraction artifacts are minimized. In Section 3.1, we briefly review the
GLCM and the automatic detection of volume-preserving regions around GGO
nodules using GLCM is presented in Section 3.2.
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3.1 Grey Level Co-occurrence Matrix
The GLCM is a tabulation of how often different combinations of grey levels
occur in image neighborhoods. The GLCM is considered a second order
texture statistic because it measures the relationship between two pixels in the
original image. First order texture statistics are calculated on the original pixel
value and do not take pixel neighbor relationships into account. Common first
order statistics are mean, variance and correlation calculated on a set of data.
Key components in creating the GLCM are the direction between the
reference pixel and the neighbor pixel, and the distance between the reference
pixel and neighbor. The GLCM window size limits the area of pixels used to
generate the GLCM. For a given window of pixels, the GLCM direction and
distance are used to create the GLCM. Once the GLCM has been created, it
can be used to make several measurements that describe the texture of the
region below the GLCM window. The combination of these measurements, or
features, can then be used to classify pixels in an unknown image.
The GLCM is a matrix showing the relationship between the reference pixel
and its neighboring pixel in a particular direction. These directions are “next to”
(east or west), “above” (north or south) and the four diagonals (SE, NW, NE,
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and SW). The columns of this matrix are the grey scale value of the
neighboring pixel, and the rows are the grey scale value of the reference pixel.
The first column and first row are the possible grey scale values of the
reference and neighboring pixels respectively. The remaining cells, labeled
( r , n ), are the combinations of a reference pixel with a grey scale value of r ,
and a neighbor pixel with a grey scale of n .
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Figure 3.1. An example of GLCM generation (a) Original image (b) EastWest-South-North GLCM (c) East GLCM (d) West GLCM (e) South GLCM
(f) North GLCM.
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The matrix is filled in by tabulating the number of occurrences of a
reference pixel that has a neighbor with a specific grey scale value. If the
directions of the GLCM calculation are east, west, north, and south with a
distance of 1 pixel, the value in cell (2,1) in Figure 3.1 would indicate a
reference pixel of grey scale value 1 and its neighbor 20 pixels (east 4, west 8,
south 6, and north 2 pixels) that has a grey scale value of 0.
There are several measurements that can be made from a GLCM. All GLCM
measurements require the probability that the grey level of a reference pixel
has a neighbor of a specific grey level. An estimation of the probability can be
obtained by normalizing a framework by the total number of pixel
combinations in the framework as follows in Eq. (3.1).
Ei , j =

N (i, j )
l -1 l -1

(3.1)

åå N (m, n)

m =0 n =0

where i and j are grey values in the l -grey level, Ei , j is the ( i , j )-th
element of the normalized GLCM, and N (i, j ) is the relative frequency
matrix given by:

ì(mx , m y , mz ),(nx , n y , nz ) Î (Vx ´ Vy ´ Vz ) ´ (Vx ´ Vy ´ Vz ) |ü
ïï
ïï
N (i, j ) = num í
max mx - nx , m y - n y , mz - nz £ d ,
ý
ï
ï
I ( mx , m y , mz ) = i , I ( n x , n y , n z ) = j
ïî
ïþ

(

)
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(3.2)

where Vx , Vy , and Vz are the x -, y -, and z -axis spatial domains,
respectively, and Vx ´ Vy ´ Vz is the set of resolution cells of the image.
(mx , m y , mz ) and (nx , n y , nz ) are voxel positions.

Contrast is a measurement of the variation of grey level pairs in an image.
The equation for calculation of the contrast measurement is shown in Eq. (3.3).
l -1 l -1

C=

åå E ( i - j )

2

(3.3)

i, j

i =0 j =0

The contrast measurement has weights,

( i - j )2 , that grow quadratically the

further one moves away from the diagonal. This measurement results in a large
value when there is a large amount of variation in the image. The maximum
contrast value occurs when the grey level of the reference pixel and the grey
level of the neighbor pixel are at either extremes of the possible grey levels.
Dissimilarity, like contrast, is a measure of the variation of grey level pairs
in an image. Dissimilarity depends on the distance from the diagonal weighted
by its probability. The equation for calculating dissimilarity is shown in Eq.
(3.4).
l -1 l -1

D=

åå E

i, j

i- j

(3.4)

i =0 j =0

Unlike the contrast measurement, the dissimilarity weights grow linearly
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resulting in a smaller overall value. The maximum dissimilarity value occurs
when the grey level of the reference pixel and the grey level of the neighbor
pixel are at either extremes of the possible grey levels.
Homogeneity is a measure of how little change there is in an image. The
lower the contrast in an image is, the higher the homogeneity is. The equation
for calculating homogeneity is shown in Eq. (3.5).
l -1 l -1

H=

Ei , j

åå 1 + ( i - j )

(3.5)

2

i =0 j =0

Unlike the contrast and dissimilarity measurements that have weights that
increase the further you move away from the diagonal, homogeneity has
weights,

1
1 + (i - j )

2

, that get exponentially smaller that further one moves off

the diagonal. This results in a large measurement for images with little
variation. In an image with no variation, the grey level of the reference pixel is
the same as the grey level of the neighbor pixel, the maximum value of 1
occurs.
The angular second moment, or ASM, is a measurement of the energy in an
image. It is named ASM due to the similarity in equations to the moment of
inertia of a solid object. The equation for calculating ASM is shown in Eq.
(3.6).
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l -1 l -1

ASM =

åå E

2

(3.6)

i, j

i =0 j =0

ASM uses the probability of a pixel combination as the weight itself. The
more often a particular pixel combination occurs, the higher the ASM
measurement is. The ASM measurement results in a higher value for more
orderly image.
Entropy measures the level of spatial disorder in an image, which means that
the larger the disorder is, the higher the entropy is. The equation of entropy is
shown in Eq. (3.7).
l -1 l -1

ENT =

åå E ( - ln E )
i, j

(3.7)

i, j

i =0 j =0

With entropy, the largest value occurs when all probabilities are equal, i.e.,
when pixel combinations are completely random. This results in many GLCM
elements with small values.
The GLCM mean measures the mean of the probability values from the
GLCM, this is the mean of all neighbor pixels that have a reference pixel with
a grey level of i . The equations for calculation the GLCM mean are shown in
Eq. (3.8).
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l -1 l -1

mi = åå i ( Ei , j )
i =0 j =0

(3.8)

l -1 l -1

m j = åå j ( Ei , j )
i =0 j =0

The first of the two GLCM mean equations is the mean based on the
reference pixels. The second equation is the mean based on the neighbor pixels.
Since a symmetrical GLCM is being used, only the first of these two equations
needs to be used, owning to the fact that every reference pixel in turn becomes
a neighbor pixel. The GLCM mean measures the mean of combinations of
reference and neighbor pixels.
The GLCM variance measures the dispersion around the mean. However,
since the basis of this measurement is the GLCM, the GLCM variance
measures the dispersion around the mean of combinations of reference pixels
and neighbor pixels. The equations for calculating GLCM variance are shown
in Eq. (3.9). The GLCM variance has two equations just like the GLCM mean,
and for the same reasons, only the first equation needs to be used.
l -1 l -1

s i 2 = åå Ei , j ( i - mi )

2

i =0 j =0

l -1 l -1

s j = åå Ei , j ( j - m j )
2

(3.9)
2

i =0 j =0

Just like the statistical counterpart, the more the pixels vary from the mean,
the larger the variance will be.
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GLCM correlation is a measurement on the linear dependency of a pixel of
grey level i in relation to a neighbor with grey level j . The equation for
calculating GLCM correlation is shown in Eq. (3.10).
é
ù
(i - mi )( j - m j ) ú
ê
Ei , j ê
ú
j =0
s i2 s 2j ú
êë
û

l -1 l -1

Correlation =

åå
i =0

( )( )

(3.10)

Just like its statistical counterpart, a correlation value of 0 means no linear
correlation, and a value of -1 or 1 means that there is a linear correlation
between a pixel and its neighbor.

3.2 Automatic Detection of Volume-Preserving Regions
around GGO Nodules using GLCM
The homogeneity value from GLCM is computed with the floating image. The
floating image is first converted and reconstructed into an l -grey level image.
GLCM is then generated by counting the occurrences of intensity pairs
between the reference and neighbor voxels of l -grey level floating image. For
identifying the inhomogeneous region, we calculate the homogeneity value of
each voxel using Eq.(3.5). In this dissertation, a neighboring region for the
reference voxel was set to be 8 × 8 × 8 voxels. The voxel is determined to be
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inhomogeneous if the value of H (x) is lower than a threshold, THomogeneity .

(a)

(b)

(c)

(d)

(e)

(f)

Figure 3.2. Candidate regions of GGO nodules computed by Eq. (3.11). The
GGO nodule is enclosed by the solid circle. (a) and (b) are the floating images.
White regions in (b) and (e) are the regions detected by considering only
homogeneity value. White regions in (c) and (f) are the candidate regions of
GGO nodules by considering both homogeneity value and image intensity.

However, only with the homogeneity value, other inhomogeneous regions in
the lung that are not GGO nodules can be inappropriately detected [see Figures
3.2(b) and 3.2(e)]. To remove these false positives, the image intensity, I (x) ,
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is additionally considered in E.q. (3.11) based on the fact that GGO nodules
are relatively brighter than other inhomogeneous regions in the lung.
ì À(x) = 1, if H (x) < THomogeneity and I (x) > TIntensity
í
îÀ(x) = 0, otherwise

(3.11)

where À(x) is the region classification function which determines whether
the region is the candidate region of GGO nodules ( À(x) = 1) or not ( À(x) =
0). Note that the threshold values ( TIntensity and THomogeneity ) are set
automatically using training datasets. By using both homogeneity value and
image intensity, candidate regions of GGO nodules are more accurately found,
as shown in Figures 3.2(c) and 3.2(f).
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Volume-Preserving Deformable
Registration using CUDA

The goal of image registration is to find an optimal transformation T such
that the floating image (i.e. follow-up scan), I F , best matches the reference
image (i.e. original scan), I R . As a local deformation of the lung is intrinsic
due to its movement and breathing, our method consists of global registration
with rigid transformation, TRigid , and the local registration with B-spline
transformation, TB - spline as follows:

T = TB - spline o TRigid

(4.1)
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Reference Image

Floating Image

Generation of Image Pyramid
Automatic Detection of Volume-Preserving Regions
around GGO Nodules using GLCM
Global Rigid Registration
Local Deformable Registration
Floating Image Transformation
Cost Function Computation

Acceleration
using CUDA

Transformation Parameter Update
Registered Floating Image
Figure 4.1. Process of GGO nodule volume-preserving registration [Park 2011].

Our registration method is composed of the following steps, as shown in
Figure 4.1. First, we automatically detect the volume-preserving regions
around GGO nodules using GLCM analysis (See Section 3). Subsequently, we
perform rigid registration for global image matching, which serves as an initial
estimate for the next deformable registration. Then, we perform deformable
registration based on B-spline transformation for local matching.
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4.1 Global Rigid Registration
Our global registration between the reference and floating images is achieved
using a rigid transformation with six parameters, including three rotations and
three translations. Rigid transformations, or rigid mappings, are defined as
geometrical transformations that preserve all distances. These transformations
also preserve the straightness of lines (and the planarity of surfaces) and all
nonzero angles between straight lines. Registration problems that are limited to
rigid

transformations

are

called

rigid

registration

problems.

Rigid

transformations are simple to specify, and there are several methods of doing
so. In each method, there are two components to the specification, a translation
and a rotation. The translation is a three-dimensional vector t that may be
specified by giving its three coordinates t x , t y , t z relative to a set of x , y ,
z Cartesian axes. The rotational component is specified by orthogonal

matrices. If T is rigid, then
TRigid (x) = Rx + t

(4.2)

where R is a 3 × 3 orthogonal matrix, meaning that R T R = RR T = I (the
identity). Thus R -1 = R T . This class of matrices includes both the proper
rotations, which describe physical transformations of rigid objects, and
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improper rotations, which do not. These latter transformations both rotate and
reflect rigid objects, so that, for example, a right-handed glove becomes a lefthanded one. Improper rotations can be eliminated by requiring det(R ) = +1 .
Proper rotations can be parameterized in terms of three angles of rotation,

q x , q y , q z , about the respective Cartesian axes, the so-called “Euler angles.”
The rotation angle about a given axis is, with rare exception, considered
positive if the rotation about the axis appears clockwise as viewed from the
origin while looking in the positive direction along the axis. The rotation of an
object (as opposed to the coordinate system to which it is referred) about the
x , y , and z axes, in that order leads to
æ cos q z
ç
R = ç sin q z
ç 0
è

- sin q z
cos q z
0

æ cos q y cos q z
ç
= ç cos q y sin q z
ç - sin q
y
è

0 ö æ cos q y
÷ç
0÷ç 0
1 ÷ø çè - sin q y

0 sin q y ö æ 1
0
÷ç
1
0 ÷ ç 0 cos q x
0 cos q y ÷ø çè 0 sin q x

- cos q x sin q z + sin q x sin q y cos q z
cos q x cos q z + sin q x sin q y sin q z
sin q x cos q y

0 ö
÷
- sin q x ÷
cos q x ÷ø

sin q x sin q z + cos q x sin q y cos q z ö
÷
- sin q x cos q z + cos q x sin q y sin q z ÷
÷
cos q x cos q y
ø

(4.3)

with the three matrices in the first line representing the rotations R z (q z ) ,
R y (q y ) , and R x (q x ) about x , y , and z , respectively (in reverse order

because they are applied from right to left).
The similarity measure for our global registration is the sum of squared
difference (SSD). If the assumption is made that I R and I F being registered
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are identical, except for the misalignment, then an intuitively obvious
similarity measure to use SSD. In this case, SSD will be zero when the images
are correctly aligned and will increase with registration error. In the slightly
more realistic scenario in which the two images differ only by Gaussian noise,
then it can be shown that SSD is the optimum measure [Viola 1995].
For images I R and I F with voxels x , it is calculated as
SSD =

1
N

å(I

R ( x) - I F (T ( x))

)2

(4.4)

xÎW

where N is the number of voxels in the reference image.
In order to search for an optimal location as quickly as possible which
measuring the SSD according to each transformation, we apply Powell’s multidimensional direction method [Press 2007]. Powell’s method only requires
evaluations of f itself and not of Ñf , Which does not require calculation of
the gradient. The method finds the N -dimensional minimum of f

by

repeatedly minimizing in one dimension along a set of N different directions,
each time starting from the minimum found in the previous direction using a
one-dimensional line minimization method such as Brent’s [Press 2007].
Powell’s method incorporates a scheme to construct a set of conjugate
directions iteratively. The set of directions is initialized with the basis vectors
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in each dimension in parameter space, but after each iteration in which all
directions in the set are optimized over in turn, the overall distance moved in
parameter space in that iteration is taken as a new direction. It can be shown
that if f

is a quadratic function, N mutually conjugate directions are

obtained after N iterations, such that Powell’s algorithm exactly minimizes a
quadratic f in N ( N + 1) line minimizations in all. For non-quadratic f ,
heuristics are needed to avoid the directions in the set becoming linearly
dependent.
In our method, Powell’s method iteratively searches for an optimal location
where the SSD has a minimum value at the current parameter while other
parameters are kept constant. All parameters are initialized as zero and
optimization is iterated in a x -translation, y -translation, z -rotation, z translation, x -rotation, and y -rotation order [Maes 1997].
In addition, we use parabolic interpolation [Press 2007] instead of space
leaping with a fixed interval so as to reach the optimal location for the current
parameter. For parabolic interpolation, we initially choose three points, a , b ,
and c , and measure SSD at each location and store the value to f (a ) , f (b) ,
and f (c) , respectively. Three points, a , b , and c , are selected so that
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f (b) has a smaller value than f (a ) and f (c) . Then, x , the minimum of a

parabola through the three points, f (a ) , f (b) , and f (b) , is calculated using
Eq. (4.5):

x=b-

2
2
1 (b - a ) [ f (b) - f (c) ] - (b - c) [ f (b) - f (a ) ]
2 (b - a ) [ f (b) - f (c) ] - (b - c) [ f (b) - f (a ) ]

(4.5)

Assuming that SSD at position x has a smaller value compared to SSD at

a , b , and c , the position with a maximum value of f (a) , f (b) , and f (c)
is replaced with position x , and we reorder the positions to a , b , and c
such that SSD at position b has a smaller value than SSD at a and c . This
procedure is iteratively performed and the process stops when the interval
between a and c becomes sufficiently smaller than the constant of
termination criterion (set at 0.01 in this dissertation). The b position is then
updated to the current parameter. By this procedure, the minimum position of
other parameters is updated to each corresponding parameter. Once all six
parameters have been optimized, the loop is repeated until the difference
between SSDs of the current loop and the previous loop becomes sufficiently
smaller than the constant of termination criterion (set at 0.001 in this
dissertation). In this study, a , b , and c are initially set to -20, 0, and 20
voxels for translation parameters and -10, 0, and 10 for rotation parameters,
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respectively. As long as the number of loops increases, a , b , and c are set
to new values by adding both the value of the corresponding parameter among
the six parameters updated to the current optimal parameter and the value
setting at the first stage.

4.2 Local Deformable Registration [Park 2011]

4.2.1 Floating Image Transformation
We employ a B-spine registration framework and design a new cost function to
improve both the registration accuracy and the computational efficiency.
Before use in image registration, B-splines were often used to interpolate and
approximate scattered data [Lee 1996][Lee 1997]. Several papers [Rueckert
1999][Kybic 2003] have since appeared to model deformations in registration.
In its most common form, the cubic B-spline is C2 continuous and local, i.e.,
every voxel’s displacement is only calculated from the position of the sixty
four nearest (3D) control points around it. Let F denote a set of control
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points, fi , j ,k , and Y denote a set of displacement parameters, y i , j ,k ,
corresponding to the control point, where i = -1, 0, … , nx - 1 , j = -1, 0,
… , n y - 1 , and k = -1, 0, … , nz - 1 . Control points with i , j , or k equal
to either 0 or nx - 3 ( nx - 3 and nx - 3 for j and k , respectively) are
located on the edge of the image data. The spacings between the control points
in x , y , and z directions are denoted by d x , d y , and d z , respectively.
Then, the B-spline transformation TB - spline is defined by:
3

TB - spline (x) = x +

3

3

ååå B (u) B
l

y i +l , j + m,k + n

m (v ) Bn ( w)

(4.6)

l =0 m =0 n =0

where i , j , and k denote the index of the control point cell containing
x = ( x, y, z ) , and u , v , and w are the relative positions of x , y , and z ,

respectively, inside that cell in the three dimensions, e.g., i = ëê x / d x ûú - 1 and

u = x / d x - (i + 1) . The functions B0 through B3 are the approximating
third-order spline polynomials as described in [Lee 1997]

(1 - u )3
6
3
3u - 6u 2 + 4
B1 (u ) =
6
3
-3u + 3u 2 + 3u + 1
B2 (u ) =
6
3
u
B3 (u ) =
6
B0 (u ) =

(4.7)
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The translational parameter y i , j ,k of a B-spline based transformation are
the displacements of the control points fi , j ,k . Figure 4.2 shows the
deformation for every voxel using neighbor control points by B-spline
transformation.

y

o

x
B-spline mesh
Volume data
The deformation of control points
The deformation of volume data

Figure 4.2. The deformation of volume data by B-spline transformation.

The

translational

parameters

of
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B-spline

transformation

are

the

displacements of the control points. B-spline transformation has two important
characteristics. First, it has a finite support in which the displacement of a
control point affects the transformation only in a 4 × 4 × 4 neighborhood of the
control point. Second, it guarantees a smooth and C2 continuous transformation
through which the first- and second-order derivatives for the parameter update
step and the computation of constraints can be analytically computed
(described later). This analytical computation is more efficient and accurate
than the approximated computation which is mainly used for non-parametric
transformation models.

4.2.2 Cost Function Computation
The cost function, which is optimized during the deformable registration,
consists of a similarity measure and a regularization term. As the similarity
measure for evaluating the degree of alignment between the reference and
floating images, we apply SSD because the reference and floating images are
acquired by the same modality. As the regularization term, we employ the
volume-preserving constraint that preserves the GGO nodule volume in the
floating image during the registration. The cost function of our method is as
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follows:

C ( I R , I F ; T ) = (1 - a )CSSD ( I R , I F ; T ) + a CREG ( I F ; T )

(4.8)

With

1
WH

CREG ( I F ; T ) =

å ( J (T (x) - 1)

2

(4.9)

xÎW H

where W H is the candidate regions of GGO nodules and J (T (x)) is given
by Eq. (2.6).
The value of J (T (x)) is equal to one if the deformation at x is
incompressible, greater than one if there is local expansion, and less than one if
there is compression. Since their transformation model is 3D B-spline
transformation, its derivative with respect to x is computed as follows:
¶Tx (x)
1
=1+
¶x
dx

¶Tx (x) 1
=
¶y
dy

3

3

3

3

dBl (u )
Bm (v) Bn ( w)(y i +l , j + m,k + n ) x
du
l =0 m =0 n =0

ååå
3

3

ååå B (u)
l

l =0 m =0 n =0

dBm (v)
Bn ( w)(y i +l , j + m,k + n ) x
dv

(4.10)

(4.11)

The remaining derivatives have analogous forms. The diagonal elements of
Jacobian is similar with Eq. (4.10) and the other elements of Jacobian is similar
with Eq. (4.11). Computation of the entries of J (T (x)) is in fact very similar
to computing T itselt. Depending on the position in the matrix, the spline
polynomials B0,1,2,3 in the respective dimension are replaced by their
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respective derivatives. These derivatives are easily computed analytically

dB0 (u ) -(1 - u ) 2
=
du
2
2
dB1 (u ) 3u - 4u
=
du
2
dB2 (u ) -3u 2 + 2u + 1
=
du
2
dB3 (u ) u 2
=
du
6

(4.12)

The relative weights of the similarity measure of SSD and the regularization
term substantially influence the final registration result. If the cost function
only consists of the SSD without the volume-preserving constraint, nodule
growth could not be accurately assessed. With that cost function, a nodule that
has grown (or shrunk) in the follow-up floating image inappropriately
diminishes (or enlarges) to match the original one in the reference image by
minimizing the SSD during the registration. If the cost function only consists
of the volume-preserving constraint without the SSD, there could be
subtraction artifacts between the reference and registered-floating images
because the intensity and shape differences between the two images are not
aligned at all across the entire image.
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4.2.3 Transformation Parameter Update
The final goal of our registration method is to find the set of optimal
parameters for B-spline transformation that minimizes the cost function. For
the optimization of the cost function, our registration method computes the
gradient of the cost function and updates each parameter according to this
gradient. The ( i , j , k )-th parameter is updated by

y i , j ,k (t ) = y i , j ,k (t -1) + l

ÑCi , j ,k

(4.13)

ÑCi , j ,k

where l is a step size that decides how the normalized gradient vector of the
cost function affects the degree of the parameter update. ÑC is the gradient
vector of the cost function in Eq. (4.8) with repect to the parameter Y :

ÑCi , j ,k =

¶C ( I R , I F , T ) æ ¶C ( I R , I F , T ) ¶C ( I R , I F , T ) ¶C ( I R , I F , T ) ö
=ç
,
,
÷
ç ¶ (y i , j ,k ) x
¶y i , j ,k
¶ (y i , j ,k ) y
¶ (y i , j ,k ) z ÷ø
è

(4.14)

In Eq. (4.14), each component of ÑCi , j ,k with respect to x is given by:
¶C ( I , I ; T )
¶C ( I ; T )
¶C ( I R , I F , T )
= (1 - a ) SSD R F
+ a REG F
¶ (y i , j ,k ) x
¶ (y i , j ,k ) x
¶ (y i , j ,k ) x

(4.15)

With
¶CSSD ( I R , I F ; T )
2
=¶ (y i , j ,k ) x
W

å(I

R ( x) -

I F (T (x)) )

xÎW

where
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¶I F (T (x))
¶ (y i , j ,k ) x

(4.16)

¶I F (T (x)) ¶I F (T (x)) ¶T (x) x
¶I (T (x))
=
×
= F
× Bl (u ) Bm (v) Bn ( w)
¶ (y i , j ,k ) x
¶T (x) x ¶ (y i , j ,k ) x
¶T (x) x

(4.17)

¶CREG ( I F ; T )
2
=
¶ (y i , j ,k ) x
WH

(4.18)

¶J (T (x))
i , j ,k ) x

å ( J (T (x)) - 1) × ¶(y

xÎW H

y and z components of ÑCi , j ,k is computed with similar way of x

component.
Our method does not continue the parameter update for the regions where
the cost function has been already optimally converged. In other regions, the
parameter update continues. In B-spline transformation, each parameter affects
only a 4 × 4 × 4 neighborhood. If the cost function in the influential
neighborhood of one parameter is optimally converged, this parameter would
be excluded for further update iterations.
An iterative multi-resolution approach is applied to accelerate the processing
speed. The optimization is performed first at lower resolution by using only a
fraction of the voxels in two images. After convergence, the optimization
proceeds at higher resolution, and eventually at full resolution, by taking more
voxels of two images into account.
A two-level multiresolution hierarchy can be constructed simply by
subsampling the images with integral sampling factors f x , f y , and f z
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along the x , y , and z coordinate dimensions respectively using nearest
neighbor interpolation. If the optimum converged to at lower resolution is
close to the optimum at full resolution it is to be expected that most of the
evaluations of I and ÑI will be performed at lower resolution and that the
number of evaluations at full resolution will be much smaller than when the
optimization is done entirely at full resolution. The two-level multiresolution
approach may thus be up to F times faster than the single-resolution
approach.
However, the sampling factors f x , f y , and f z cannot be made arbitrarily
large without introducing additional local optima and deteriorating registration
robustness. The optimization at the lower-resolution level may then not
converge to the optimum converged to at full resolution. If the optimization at
the lower-resolution level does not provide a good starting position for the
optimization at the higher-resolution level, the number of evaluations at full
resolution will be about the same as for single-solution optimization. The
multiresolution strategy might be a lot slower than single-resolution
optimization, due to the additional, but useless, evaluations at lower resolution.
Appropriate values for

fx ,

f y , and
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fz

can only be determined

experimentally, although it is clear that this choice is related to the image
resolution along each direction.
We use three-level Gaussian pyramid with a down-sampling factor of 2 in
each

dimension

[Kostelec

1998][Thevenaz

2000][Zavorin

2005][Ren

2007][Zacharaki 2008]. Control point spacing of B-spline transformation in
first, second, and third pyramid levels are 16mm, 8mm, and 4mm, respectively.

4.3 Acceleration using CUDA

4.3.1 CUDA Architecture

The GPUs are especially suited to address parallel processing problems
wherein the same program is executed on many data elements in parallel. Such
data-parallel processing maps data elements (e.g., pixels or voxels in image
processing or 3D rendering) to parallel processing threads. Recently, CUDA
was introduced by NVIDIA as a general purpose computing architecture which
utilizes the parallel processing units in GPUs to solve many complex
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computational problems.[15] By supporting various high-level programming
languages, CUDA enables developers familiar with standard programming
languages such as C to adapt to the parallel programming using CUDA at a
low learning cost.
The CUDA parallel programming is based on Single Instruction Multiple
Thread (SIMT), in which multiple threads execute the same single instruction.
When a function is called, it is executed N times in parallel by N different
CUDA threads. The CUDA threads are organized in a hierarchical way as
follows [see Figure 4.3]:
·

Thread: Each thread executes a given function and has a unique index,
called thread id.

·

Thread block: Threads are grouped to a thread block. Thread blocks are
required to execute independently - they should be possible to execute in
any order, in parallel, or in succession.

·

Grid: A group of thread blocks are organized into a grid. A single grid is
assigned to a single GPU, thus a grid can be executed on one GPU, not on
66

multiple GPUs.
Those hierarchical CUDA threads, during their execution, access data from
multiple (read-write) memory spaces which are also hierarchically organized
matching to the thread hierarchy. The memory hierarchy is as follows [see
Figure 4.3]:
·

Local memory: Each thread has its private local memory.

·

Shared memory: Each thread block has shared memory accessible by all
the threads in the block. The shared memory has the same lifetime as its
corresponding block. Threads in a block can cooperate with one another
by sharing the data through the shared memory.

·

Global memory: All threads have access to the same global memory. The
global memory acts as the buffer for inter-block communication for all the
threads in the same GPU.
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Figure 4.3 Thread and memory hierarchy of CUDA architecture.

There are two additional read-only memory spaces accessible by all threads,
constant and texture memory spaces [see Figure 4.3]. The global, constant, and
texture memory spaces are optimized for their specific memory usages. Based
on these thread and memory hierarchies, the CUDA architecture brings out
both high throughput and flexibility for the SIMT paradigm.
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4.3.2 Acceleration of Image Registration using CUDA
We accelerate the procedures of 1) the floating image transformation and 2) the
cost function computation in our deformable registration, by using CUDA.
First, a displacement vector at each voxel in the floating image can be
independently calculated just by using displacement vectors of neighbor
control points. Therefore, the displacement calculation at each voxel is
accelerated by the parallel processing technique of CUDA. Then, the floating
image is transformed in every iteration step based on the calculated
displacements of each voxel. Second, the inputs of the cost function are all the
voxels of the reference and transformed floating images, and the output is one
single value of the cost function. In the cost function calculation, the cost of
each voxel equally contributes to produce the final cost value. This process,
where a large number of inputs equally combines into producing one output,
can be accelerated by parallel reduction of CUDA [Harris 2008]. Therefore,
after the independent calculation at each voxel (i.e. voxel subtraction and
squaring for SSD calculation) is processed in parallel, CUDA’s parallel
reduction calculates one single value – the cost between two images obtained
by sequentially merging the calculation result of each voxel in parallel [see
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Figure 4.4]. Above two procedures of the floating image transformation and
the cost function computation require a lot of processing time during the
registration. Therefore, our CUDA-based acceleration greatly improves the
registration speed, compared to CPU-based methods.
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Figure 4.4 SSD computation accelerated by CUDA reduction.
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Experimental Results

All experiments were tested on an Intel Core i7 CPU 920 system with a
2.67 GHz processor and 12 GB of memory. The system was also
equipped with a GeForce GTX 480 GPU with 1.5 GB of memory.
Registration was performed on follow-up chest CT scans of 30 patients who
had GGO nodules. The number of slices per scan ranged from 327 to 450.
Each image had a matrix size of 512 × 512. A section thickness was 1.0mm,
and pixel sizes ranged from 0.6 to 0.7mm. Among the 30 datasets, 15 datasets
had noticeable changes (more than 3%) in GGO nodule volume, and the other
15 datasets had slight changes (less than 3%) in the nodule volume. The
average number of GGO nodules per scan was 3 (range, 1-8). We compared
the proposed method (NRProposed) with four other methods: the deformable
registration method without the volume-preserving constraint, with the
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volume-preserving constraint applied to the lung region (NRLung), the whole
region (NRWhole), and the nodule region (NRNodule) that we segmented manually.
For NRNodule, a chest radiologist with ten years of clinical experience manually
segmented GGO nodules in the images. For evaluation of computational
efficiency, we compared NRProposed with the other four methods. Furthermore,
we compared the five CUDA-based methods with CPU-based methods for
evaluating computational efficiency.

5.1 General Observations based on Visual Assessment
Figure 5.1 and Figure 5.2 showed the subtraction artifacts and the changes in
nodule volume for one of noticeable nodule change cases after applying the
five registration methods. From the 30 datasets, one of those with noticeable
changes in the nodules was presented in Figure 5.1, and one of those with
slight nodule changes in Figure 5.2. Even though NRProposed-No removes most
subtraction artifacts, the change in GGO nodule volume has almost lost in the
subtraction image, making the nodule growth assessment impossible [see
Figure 5.1(d)]. In contrast, NRLung and NRWhole well visualizes the change in
GGO nodule volume in the subtraction image; however, it exhibits great
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amount of subtraction artifacts [see Figures 5.1(e),(f)]. However, NRNodule and
the proposed method (NRProposed) well visualizes the change in GGO nodule
volume as well as effectively removes the subtraction artifacts [see Figures
5.1(g),(h)].

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)
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Figure 5.1 Comparison of NRProposed-No, NRLung, NRWhole, NRNodule, and
NRProposed for a slice taken from CT scans with noticeable nodule changes. The
GGO nodule is enclosed by the dotted rectangle. (a) and (b) are CT slice
images taken at times original scan (reference image) and follow-up scan
(floating image), respectively. (c) is a subtraction image between the reference
and floating images before registration. (d)-(h) are subtraction images between
the reference and registered-floating images with NRProposed-No, NRLung, NRWhole,
NRNodule, and NRProposed, respectively.
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(d)

(e)

(f)

(g)

(h)
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Figure 5.2 Comparison of NRProposed-No, NRLung, NRWhole, NRNodule, and
NRProposed for a slice taken from CT scans with slight nodule changes. (a) and
(b) are CT slice images taken at times original scan (reference image) and
follow-up scan (floating image), respectively. (c) is a subtraction image
between the reference and floating images before registration. (d)-(h) are
subtraction images between the reference and registered-floating images with
NRProposed-No, NRLung, NRWhole, NRNodule, and NRProposed, respectively.

5.2 Evaluation of Registration Accuracy
The registration accuracy was evaluated by computing the lung overlap error
and several similarity measures such as SSD, NCC, and NMI between the
reference and registered-floating images. To measure the lung overlap error,
we segmented the lung by 3D seeded region growing (SRG) and hole filling
[Hong 2008]. The threshold for 3D SRG was set to be the range of -1024HU
and -500HU. After the lung was segmented in the reference and registeredfloating images, the lung overlap error was calculated by the following
equation:
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æ 2 LR Ç LRF
lung overlap error = ç1 ç
LR + LRF
è

ö
÷÷ ´ 100(%)
ø

(5.1)

where LR and LRF are the set of all voxels within the lung of reference and
registered-floating images, respectively, and LR and LRF

denotes the size

of the sets LR and LRF .

Table 5.1 Lung overlap error and similarity measure after registration
Lung overlap error

SSD

NCC

NMI

Initial

13.73 ± 6.87

253.24

0.58

0.68

NRProposed-No

2.01 ± 0.57

58.45

0.95

1.52

NRLung

5.74 ± 2.84

126.69

0.89

1.39

NRWhole

5.76 ± 3.00

140.23

0.88

1.35

NRNodule

2.25 ± 1.03

63.23

0.94

1.49

NRProposed

2.87 ± 1.71

73.21

0.93

1.48

Initial lung overlap errors between reference and floating images ranged
from 1.41% to 22.03% (mean ± SD, 13.73 ± 6.87%). The averages and
standard deviations of the lung overlap error for the five registration methods
are given in Table 5.1. We additionally showed the average similarity
measures of SSD, NCC, and NMI in Table 5.1. The lung overlap error and the
similarity measures increased in order of NRProposed-No, NRNodule, NRProposed,
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NRLung, and NRWhole, which was consistent with the subtraction artifact results
in the previous visual assessment. In the lungs, there was an abundance of air
regions which varied nonlinearly by the level of inspiration. As NRProposed-No
aligned the floating image with the reference image only by using the intensity
difference between the two images, it effectively matched the lung between the
two images, resulting in the smallest lung overlap error. In contrast, NRLung and
NRWhole which applied the volume-preserving constraint to the entire lung
region and the whole region, preserved the lung shape in the floating image
even through the registration, yielding large lung overlap error. However, as
NRNodule applied the volume-preserving constraint to only nodule region, it
matched the lung very well. Because NRProposed applied the volume-preserving
constraint selectively to candidate regions of GGO nodules, it effectively
matched the lung except for the candidate regions. Thus, NRProposed exhibited
the lung overlap error slightly greater than that of NRProposed-No and NRNodule but
much smaller than that of NRLung and NRWhole.

5.3 Evaluation of GGO Nodule Detection Accuracy
The GGO nodule detection accuracy was evaluated by computing the
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sensitivity and specificity between the manually segmented GGO nodules and
candidate regions of GGO nodules which were automatically detected by
GLCM. For the computation of the sensitivity and specificity, true positive
(TP), true negative (TN), false positive (FP), and false negative (FN) were
defined as:

(

TP = Num _ component W Segmentd -GGO Ç WCandidate -GGO

((
FP = Num _ component ( ( W
FN = Num _ component ( W

) (
)ÇW

)

TN = Num _ component W Lung - W Segmentd -GGO Ç W Lung - WCandidate -GGO
Lung

- W Segmentd -GGO

Segmentd -GGO

)
))

))
(5.2)

Candidate -GGO

(

Ç W Lung - WCandidate -GGO

where W Segmentd -GGO is the set of components in manually segmented GGO
nodule, WCandidate -GGO is the set of components in candidate regions of GGO
nodules, and W Lung

is the set of components in the whole lung.

Num _ component ( W ) is the number of components in W . The sensitivity

and specificity was calculated by the following equation:
TP
TP + FN
TN
Specificity =
TN + FP
Sensitivity =

(5.3)

The averages of TP , TN , FP , and FN were 3, 4139, 151, and 0,
respectively. Therefore, the averages of sensitivity and specificity between the
manually segmented GGO nodules and candidate regions of GGO nodules
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detected by GLCM were 1.0 and 0.965, respectively. As the sensitivity of 1.0
indicated, the proposed method did NOT miss any GGO nodules. The FP
was seemingly much greater than TP ; however, the portion of GGO nodules
was very small compared to the entire volume, thus the over-detection of GGO
nodules did not degrade the overall performance.

5.4 Evaluation of Computational Efficiency
To evaluate the computational performance, we measured the processing time
of the five registration methods of NRProposed-No, NRLung, NRWhole, NRNodule, and
NRProposed. Table 5.2 showed the averages and standard deviations of the
computation times. The computation time increased in order of NRProposed-No,
NRNodule, NRProposed, NRLung, and NRWhole. NRProposed-No was fastest because it did
not require any computation on the volume-preserving constraint. Even though
NRProposed was about 1.39x and 1.22x slower than NRProposed-No and NRNodule, this
method was about 1.95x and 2.75x faster than NRLung and NRWhole because it
applied the volume-preserving constraint minimally only to candidate regions
of GGO nodules while being further accelerated using CUDA.
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Table 5.2 Processing Time

Processing time (sec)

Relative speed*

N/A

N/A

NRProposed-No

354.65 ± 203.24

0.72

NRLung

962.25 ± 584.46

1.95

NRWhole

1356.63 ± 743.24

2.75

NRNodule

402.23 ± 235.25

0.82

NRProposed

492.57 ± 284.96

1.00

NRProposed-No-CPU

5924.45 ± 2915.78

12.03

NRLung-CPU

16147.97 ± 9355.01

37.78

NRWhole-CPU

22607.16 ± 12584.11

45.90

NRNodule-CPU

6888.43 ± 3925.39

13.98

NRProposed-CPU

8268.95 ± 4723.96

16.78

Initial

Note : Relative speed is the ratio of the computation time of a given method to
that of NRproposed, showing how fast NRproposed is in comparison to the given
method.

To purely estimate the degree of acceleration by CUDA, we additionally
measured the computation time of CPU-based proposed methods (NRProposed-NoCPU,

NRLung-CPU, NRWhole-CPU, NRNodule-CPU, and NRProposed-CPU). CUDA-based

methods were about 16.81x faster than CPU-based methods with help of
parallelizing the floating image transformation and the cost function
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calculation using CUDA. NRProposed-No was 16.71 faster than NRProposed-No-CPU,
NRLung was 16.78x faster than NRLung-CPU, NRWhole was 16.66x faster than
NRWhole-CPU, NRNodule was 17.12x faster than NRNodule-CPU, and NRProposed was
16.79x faster than NRProposed-CPU.

5.5 Evaluation of Volume Preservation
The volume preservation of GGO nodules during the registration was
evaluated by computing the two metrics: the volume ratio and the mean
intensity change around GGO nodules. To compute the volume ratio, the GGO
nodules in the reference, floating, and registered-floating images were
segmented already. Then, the nodule volumes in the floating and registeredfloating images were measured as vF and vRF , respectively. The volume
ratio between the floating image and the registered-floating image ( VRRF , F )
was calculated as VRRF , F = vRF / vF . The GGO nodule volume in the floating
image was completely preserved through the registration if VRRF , F = 1.0
(ideal case), compressed if VRRF , F < 1.0, and expanded if VRRF , F > 1.0.
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Table 5.3 Evaluation results of GGO nodule volume preservation using volume
ratio

VRRF,F
mean ×/ s.t.d.*

max

min

NRNo

0.89 ×/ 1.12

1.01

0.73

NRLung

1.01 ×/ 1.01

1.02

0.99

NRWhole

1.02 ×/ 1.03

0.98

1.06

NRNodule

1.01 ×/ 1.02

1.02

0.99

NRProposed

1.01 ×/ 1.01

1.03

1.00

*In this case, mean and s.t.d. are the geometric mean and geometric standard
deviations.

The geometric means and standard deviations of VRRF , F for the five
registration methods from all 30 datasets were presented in Table 5.3. NRLung,
NRWhole, NRNodule, and NRProposed which apply the volume-preserving constraint
in the deformable registration step, exhibited VRRF , F close to 1.0, indicating
that they preserved the GGO nodules almost completely. However, NRProposedNo

showed VRRF , F much less than 1.0 (0.89, 11% of volume loss), indicating

that it inappropriately compressed the GGO nodules to a great extent. As
NRProposed-No deforms the floating image into the reference image by
minimizing the intensity difference between the two images without any
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volume-preserving constraint, it made the GGO nodule shape and volume in
the floating image inappropriately similar to those in the reference image.
Therefore, as shown in Figure 5.1, NRProposed-No was not able to demonstrate the
change in GGO nodule volume in the subtraction image (see the enlarged
dotted rectangle in Figure 5.1), whereas the other methods (NRLung, NRWhole,
NRNodule, and NRProposed) showed the GGO nodule volume change well (see the
enlarged dotted rectangle in Figure 5.1). Furthermore, the geometric means and
standard deviations of VRRF , F for the five registration methods from 15
noticeable nodule change datasets and those from 15 slight nodule change
datasets were presented in Table 5.4 and Table 5.5.

Table 5.4 Evaluation results of GGO nodule volume preservation for
noticeable nodule change datasets using volume ratio

VRRF,F
mean ×/ s.t.d.

max

min

NRNo

0.85 ×/ 1.11

0.91

0.73

NRLung

1.01 ×/ 1.01

1.02

0.99

NRWhole

1.03 ×/ 1.03

0.98

1.06

NRNodule

1.01 ×/ 1.02

1.02

0.99

NRProposed

1.01 ×/ 1.01

1.03

1.00
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Table 5.5 Evaluation results of GGO nodule volume preservation for slight
nodule change datasets using volume ratio

VRRF,F
mean ×/ s.t.d.

max

min

NRNo

0.99 ×/ 1.02

1.01

0.98

NRLung

1.00 ×/ 1.01

1.01

1.00

NRWhole

0.99 ×/ 1.01

1.00

0.99

NRNodule

1.00 ×/ 1.02

1.01

1.00

NRProposed

1.00 ×/ 1.01

1.01

1.00

An intensity change inside GGO nodules between follow-up scans could
imply the nodule growth [Staring 2009]. Therefore, another possible method
for the evaluation of volume preservation is to compute the mean intensity
change, we specified a region of interest (ROI) of the minimum bounding box
surrounding the manually segmented GGO nodule in each image. We
computed the mean intensity difference in the ROI between the floating image
( MeanF

)

and

the

registered-floating

image

( MeanRF )

as

DIFFRF , F = MeanRF - MeanF . The GGO nodule volume was well preserved

through the registration if DIFFRF , F = 0.0 (ideal case), compressed if
DIFFRF , F < 0.0, and expanded if DIFFRF , F > 0.0.
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Table 5.6 Evaluation results of GGO nodule volume preservation using the
mean intensity difference

DIFFRF,F (HU)
mean ± s.t.d.

max*

min*

NRNo

-25.90 ± 18.05

-53.04

-5.70

NRLung

-0.62 ± 3.85

5.33

0.47

NRWhole

-2.41 ± 5.59

-9.42

-0.90

NRNodule

1.34 ± 1.15

3.02

0.11

NRProposed

-0.93 ± 2.53

-4.36

0.31

*The max and min values are the max and min of absolute values.

The averages and standard deviations of the DIFFRF , F values in userdefined ROIs for the five registration methods were given in Table 5.6. NRLung,
NRWhole, NRNodule, and NRProposed showed

DIFFRF , F

close to 0.0HU,

demonstrating that they preserved the GGO nodules almost perfectly. However,
NRProposed-No showed DIFFRF , F much less than 0.0HU, indicating that it made
the GGO nodules compressed during the registration. Furthermore, the
averages and standard deviations of DIFFRF , F for the five registration
methods from 15 noticeable nodule change datasets and those from 15 slight
nodule change datasets were presented in Table 5.7 and Table 5.8.
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Table 5.7 Evaluation results of GGO nodule volume preservation for
noticeable nodule change datasets using the mean intensity difference

DIFFRF,F (HU)
mean ± s.t.d.

max

min

NRNo

-35.65 ± 12.77

-53.04

-25.10

NRLung

2.09 ± 3.73

5.33

0.47

NRWhole

-2.14 ± 7.00

-9.42

-1.06

NRNodule

2.12 ± 3.15

6.12

0.54

NRProposed

-1.61 ± 2.98

-4.36

0.47

Table 5.8 Evaluation results of GGO nodule volume preservation for slight
nodule change datasets using the mean intensity difference

DIFFRF,F (HU)
mean ± s.t.d.

max

min

NRNo

-6.41 ± 1.00

-7.11

-5.70

NRLung

-2.34 ± 2.50

-5.02

-0.90

NRWhole

-2.96 ± 2.91

-4.10

-0.57

NRNodule

0.59 ± 0.78

1.68

0.23

NRProposed

0.41 ± 0.14

0.51

0.31

87

5.6 Evaluation of Nodule Growth Estimation
The growth estimation of GGO nodules after the registration was also
evaluated by computing the two metrics: the volume ratio and the mean
intensity change around GGO nodules. In previous sections, we had already
manually segmented the GGO nodules in the reference, floating, and
registered-floating images and measured the nodule volumes as vR , vF , and

vRF , respectively. The volume ratio between the reference and floating images
( VRF , R ) and between the reference and registered-floating images ( VRRF , R )
were calculated as VRF , R = vF / vR and VRRF , R = vRF / vR , respectively. If
VRRF , R was identical to VRF , R , the growth of GGO nodules was accurately

estimated after the registration.
Table 5.9 Evaluation results of GGO nodule growth using volume ratio

VRRF,R
mean ×/ s.t.d.

max

min

NRNo

1.03 ×/ 1.04

1.10

0.99

NRLung

1.15 ×/ 1.16

1.52

0.99

NRWhole

1.16 ×/ 1.18

1.57

0.98

NRNodule

1.15 ×/ 1.17

1.53

0.99

NRProposed

1.15 ×/ 1.16

1.51

0.99
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The geometric means and standard deviations of

VRRF , R for the five

registration methods from all 30 datasets were presented in Table 5.9. The
geometric mean and standard deviation of VRF , R from all 30 datasets were
1.14 and 1.16. NRLung, NRWhole, NRNodule, and NRProposed, which apply the
volume-preserving constraint in the deformable registration step, exhibited
VRRF , R very close to VRF , R , indicating that they accurately estimated the

nodule growth after the registration. However, NRProposed-No showed VRRF , R
much less than VRF , R , indicating that it failed to accurately estimate the
nodule growth by making the GGO nodules in the floating image
inappropriately similar to those in the reference image. Furthermore, the
geometric means and standard deviations of VRF , R and VRRF , R for the five
registration methods from 15 noticeable nodule change datasets and those from
15 slight nodule change datasets were presented in Table 5.10 and Table 5.11.
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Table 5.10 Evaluation results of GGO nodule volume growth for noticeable
nodule change datasets using volume ratio*

VRRF,R
mean ×/ s.t.d.*

max

min

NRNo

1.04 ×/ 1.04

1.10

1.01

NRLung

1.22 ×/ 1.16

1.52

1.12

NRWhole

1.25 ×/ 1.17

1.57

1.12

NRNodule

1.24 ×/ 1.15

1.53

1.13

NRProposed

1.23 ×/ 1.14

1.51

1.14

* The geometric mean and standard deviation of VRF , R from 15 noticeable
nodule change datasets were 1.22 and 1.13.
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Table 5.11 Evaluation results of GGO nodule volume growth for slight nodule
change datasets using volume ratio*

VRRF,R
mean ×/ s.t.d.*

max

min

NRNo

1.00 ×/ 1.01

1.01

0.99

NRLung

1.01 ×/ 1.03

1.03

0.99

NRWhole

1.00 ×/ 1.03

1.02

0.98

NRNodule

1.01 ×/ 1.03

1.02

0.99

NRProposed

1.01 ×/ 1.03

1.03

0.99

* The geometric mean and standard deviation of VRF , R from 15 slight nodule
change datasets were 1.00 and 1.03.

Another method for evaluating the nodule growth estimation is to compute
the mean intensity change around the GGO nodule. We computed the mean
intensity difference in the user-defined ROI minimally bounding the GGO
nodules between the reference ( MeanR ) and float ( MeanF ) images as
DIFFF , R = MeanF - MeanR . And we computed the mean intensity difference

in the user-defined ROI between the reference ( MeanR ) and registeredfloating ( MeanRF ) images as DIFFRF , R = MeanRF - MeanR . If DIFFRF , R
was identical to DIFFF , R , the growth of GGO nodules was accurately
estimated after the registration.
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Table 5.12 Evaluation results of GGO nodule volume growth using the mean
intensity difference

DIFFRF,R (HU)
mean ± s.t.d.

max

min

NRNo

2.93 ± 2.95

8.08

-0.40

NRLung

29.45 ± 19.92

53.79

4.73

NRWhole

26.42 ± 20.82

55.14

4.40

NRNodule

28.58 ± 18.56

53.35

4.52

NRProposed

27.90 ± 17.93

51.84

5.61

The averages and standard deviations of DIFFRF , R in the user-defined ROI
for the five registration methods from all 30 datasets were also given in Table
5.12. The averages and standard deviation of DIFFF , R from all 30 datasets
were 28.83 and 18.91. NRLung, NRWhole, NRNodule, and NRProposed showed
DIFFRF , R close to DIFFF , R , demonstrating that they accurately estimated the

nodule growth after the registration. However, NRProposed-No showed DIFFRF , R
much less than DIFFF , R , indicating that it failed to accurately estimate the
nodule growth after registration. Furthermore, the geometric means and
standard deviations of DIFFRF , R for the five registration methods from 15
noticeable nodule change datasets and those from 15 slight nodule change
datasets were presented in Table 5.13 and Table 5.14.
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Table 5.13 Evaluation results of GGO nodule volume growth for noticeable
nodule change datasets using the mean intensity difference

DIFFRF,R (HU)
mean ± s.t.d.

max

min

NRNo

3.17 ± 3.77

8.08

0.82

NRLung

41.30 ± 9.97

53.79

31.25

NRWhole

37.06 ± 16.40

55.14

20.81

NRNodule

38.25 ± 13.36

53.35

21.25

NRProposed

37.60 ± 12.41

51.84

22.26

* The averages and standard deviation of DIFFF , R from 15 noticeable nodule
change datasets were 39.20 and 12.67.

Table 5.14 Evaluation results of GGO nodule volume growth for slight nodule
change datasets using the mean intensity difference

DIFFRF,R (HU)
mean ± s.t.d.

max

min

NRNo

1.69 ± 2.95

3.77

-0.40

NRLung

5.76 ± 1.45

6.78

4.73

NRWhole

5.13 ± 1.03

5.86

4.40

NRNodule

6.86 ± 2.63

8.86

4.52

NRProposed

8.50 ± 4.09

11.39

5.61

* The averages and standard deviation of DIFFF , R from 15 slight nodule
change datasets were 8.09 and 3.95.
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1장 서론

Conclusion

This dissertation presented a novel deformable registration method which
applies the volume-preserving constraint selectively to candidate regions of
GGO nodules for a GGO nodule follow-up study. First, we automatically
detect the volume-preserving regions around GGO nodules. Subsequently, we
perform rigid registration for global image matching, which serves as an initial
estimate for the next deformable registration. Then, we perform deformable
registration based on B-spline transformation for local matching. During the
deformable registration, the volume-preserving constraint is only applied to
candidate regions of GGO nodules automatically detected in the first step. In
addition, by using CUDA, we accelerated the two computationally expensive
procedures in our deformable registration; (1) the transformation of the
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floating image and (2) the calculation of the cost function. The experimental
results demonstrated that our proposed method almost perfectly preserves the
GGO nodules in the floating image as well as effectively aligns the lung
between the reference and floating images. Combined with its computational
efficiency gained by CUDA implementation, our method with such high
registration accuracy could be concluded to be an optimal solution.
Unlike previous research, which applied the volume-preserving constraint to
the whole organ [Rohlfing 2003] or pre-segmented region [Staring 2007], our
method applied that constraint selectively to the candidate regions of GGO
nodules. In this way, our method improves the overall registration accuracy, the
nodule volume preservation, and the computational performance.
Based on the fact that GGO nodules are difficult to automatically segment,
our method attempts to automatically detect the candidate regions of GGO
nodules, not the accurate regions of them. As the insides of GGO nodules can
be characterized by their inhomogeneity and GGO nodules have relatively high
intensity values, our method identifies the candidate regions of GGO nodules
based on the homogeneity values calculated by GLCM and the intensity values.
According to the experimental results, the proposed method can accurately
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and rapidly register sequential chest CT scans in a GGO nodule follow-up
study. However, our method can be only applied to the mono-modality
registration. A statistical information-based similarity measure such as
normalized mutual information should be applied for multi-modality
registration.
In this dissertation, we classify the candidate regions of GGO nodules by
considering both the homogeneity values from GLCM and the intensity values.
In future work, we are planning to improve our classification method by
additionally using different features from GLCM so that the candidate regions
are further minimized. In addition, our method can be extended to the volumepreserving registration of specific diseases in other organs (e.g. liver cancer) if
candidate regions of diseases can be characterized by GLCM texture analysis.
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초 록

조기 폐암 발견을 위한 폐암 검사는 추적간 CT촬영을 통하여 이루어진다.
추적간 CT영상에서 결절의 체적과 밝기값의 시간적 변화를 측정하여 결절
이 양성 결절인지 혹은 악성 결절인지 구분할 수 있다. 고형 결절의 경우
다양한 자동 혹은 반자동 결절 분할 방법들을 통하여 결절의 체적을 측정할
수 있고, 이를 통하여 결절 체적의 변화여부를 판단 할 수 있다. 하지만, 간
유리 음영결절의 경우 결절내부가 이질적이므로 자동적 분할이 불가능하다.
이러한 간유리 음영결절의 성장여부는 추적간 CT영상들을 정합한 후 영상
들의 밝기값 차이를 이용하여 판단 할 수 있다. 정합과정 중에 부유영상의
결절 영역의 체적은 반드시 보존되어야하고, 그외의 영역은 기준영상에 맞
춰져야한다. 결절 체적을 보존하기 위한 여러 제약방법들이 제안되어 기준
영상과 부유영상사이에 존재하는 결절의 변화를 분석할 수 있게되었다. 하
지만, 호흡에 따른 폐의 움직임과 결절분할의 어려움 때문에 기존방법들을
간유리 음영결절에는 적용하기가 어렵다. 이에 본 논문에서는 정확하고 빠
른 변형 모델 정합 기법을 제안한다. 우선 간유리 음영결절의 후보영역을

106

GLCM텍스처 분석기법을 통하여 자동적으로 찾아낸 후, 그 후보영역에 체
적보존제약을 적용한다. 간유리 음영결절이 내부가 이질적이고 높은 밝기값
을 갖기 때문에, 간유리 음영결절의 후보영역은 GLCM으로부터 등질성값과
영상의 밝기값을 이용하여 결정한다. 또한, CUDA를 이용하여 제안방법을
고속화한다. 제안된 변형 모델 정합 기법에서 계산량이 많은 과정인 부유영
상 변환과 비용함수 계산 과정을 CUDA를 이용하여 고속화한다. 실험결과
제안방법은 기준영상과 부유영상의 폐영역을 효과적으로 잘 맞추었고, 부유
영상내 간유리 음영결절의 체적을 거의 완벽하게 보존하였다. 계산적 성능
의 관점에서 CUDA를 이용한 제안방법은 기존의 방법들에 비하여 45.9배
빠른 정합결과를 보여주었다. 따라서 제안방법은 폐의 간유리 음영결절에
대한 조기폐암진단 검사에 성공적으로 적용할 수 있었다. 또한, 본 논문에
서 제안한 영상 정합 기법은 체적 보존 정합 및 차감기법이 필요한 다른 기
관내의 특정 질환에도 확장적용될 수 있다.

주요어: B스플라인 변형 모델 정합, CUDA, 추적 조사, GLCM텍스처 분석, 간
유리 음영 결절, 결절 성장 평가, 체적 보존 제약
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엉뚱한 도현, 연구실에 들어오자마자 부터 여러 프로젝트를 맡아서 수행하
는 승환이에게도 감사의 뜻을 전합니다. 최근 연구실의 최고의 이슈메이커
인 용근이, 연구실에도 한번쯤은 밖에 나갈때처럼 꾸민 모습을 보여주길 소
망해봅니다. 다음학기부터 석사과정을 시작하게되는 상수, 연구실에서 많은
것을 배워가기를 바랍니다. 이번부터 연구실 행정을 맡아주는 미정, 앞으로
도 연구실 사람들과 즐겁게 지내며, 원하는 계획을 이루어가길 바랍니다.
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또한, 머나먼 이국땅에 와서 고생하고 있는 강호, 지강, 알록에게도 감사의
마음을 전합니다.
저에게 가장 큰 힘이 되어주시고, 제가 지금 여기에 존재할 수 있게 해주
신 사랑하는 아버지, 어머니께 이 작은 영광을 바치고자 합니다. 박사과정
중에 부모님과 떨어져서 살게 된 것은 저에게는 무척 힘든 일이었지만, 그
로 인해 부모님의 사랑을 더욱 깊이 느낄 수 있게 되었습니다.
마지막으로, 올 가을 저와의 미래를 계획하고 있는 피앙세 세은에게 이
작은 기쁨을 바칩니다.
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