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Abstract

A registration scheme termed as B-spline affine transformation (BSAT) is presented in this study
to elastically align two images. We define an affine transformation instead of the traditional
translation at each control point. Mathematically, BSAT is a generalized form of the affine
transformation and the traditional B-Spline transformation (BST). In order to improve the
performance of the iterative closest point (ICP) method in registering two homologous shapes but
with large deformation, a bi-directional instead of the traditional unidirectional objective / cost
function is proposed. In implementation, the objective function is formulated as a sparse linear
equation problem, and a sub-division strategy is used to achieve a reasonable efficiency in
registration. The performance of the developed scheme was assessed using both two-dimensional
(2D) synthesized dataset and three-dimensional (3D) volumetric computed tomography (CT) data.
Our experiments showed that the proposed B-spline affine model could obtain reasonable
registration accuracy.

Keywords

B-spline registration; affine registration; spline affine registration; iterative closest point; sparse
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I. INTRODUCTION

As a spatial normalization procedure for two images, which could be acquired at different
times or from different modalities, the objective of an image registration operation is to find
an optimal transformation to align two given images in the same coordinate system. The
motivation is typically to compare the morphological variations of two images. There have
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been numerous algorithms [1-3] developed for this purpose in the past, particularly in the
area of medical image analysis [4-7]. A relatively comprehensive review of the available
methods can be found in [8-10]. In methodology, a registration scheme usually consists of
three primary components:

1. A transformation model: A transformation model represents the spatial
relationship between a given fixed (reference) image and a given moving (source or
warped) image. There are two types of transformation models, namely rigid / affine
transformation and elastic transformation. A rigid model is typically characterized
by three translation (i.e., X, y, Z) and three rotation (i.e., 8;, &, &) parameters; and
an affine model has additional three scaling and three shearing parameters.
Generally, a rigid / affine model aligns pre-identified landmark features globally
[11-13]. Although the rigid / affine registration is relatively robust against local
minima, it usually has a limited accuracy because the local geometric difference is
ignored. In contrast, the elastic approach aims to warp local geometric features of a
target image for alignment with a reference image. It could be based on either a
dense non-parametric model or a parameterized function model. Many of available
elastic registration methods [14-17] were a refinement of either the Demons
algorithm [14] or the B-spline method [18]. For example, Rueckert et al. [19]
proposed a hierarchical transformation model in which a global affine
transformation was first established and a B-spline based freeform deformation was
performed. Chui et al [20] combined the affine transformation and the thin plate
spline (TPS) transformation. Others include Arsigny et al.’s log-euclidean
polyaffine model (LEPT) [21-22] and an extension of LEPT proposed by Taquet et
al [23]. Compared with the rigid/affine approach, the elastic method represents a
more complex deformation but may be trapped in local minima [9].

2. An objective / cost function: In image registration, an objective function is
defined as the criterion for quantitatively assessing the similarity of two aligned
images. The criterion could be based on either intensity or features. The intensity-
based function aims to elastically align two images according to their underlying
intensity patterns. The widely used intensity-based criteria include sum of squared
difference (SSD) [24], cross correlation (CC) [25], ratio image uniformity [26], and
mutual information (MI) [27]. Specific constraints (e.g., volume or topology
preservation [28]) may be imposed on the intensity-based registration for better
alignment. For example, Christensen and Johnson [29-30] used inverse consistency
as a regularization constraint, while other investigators utilized the Jacobian of the
transformation [31] or deformable mapping [32] to preserve the topology. Unlike
the intensity-based method [33-35], the feature-based registration method [36—39]
aligns two images by identifying the corresponding structural landmark features,
which could be points, lines, contours, or their combination. The feature-based
objective function is widely defined as the Euclidean distance from the warped
features to the fixed features. The unidirectional characteristic doesn’t assure an
inverse consistency. Obviously, knowledge of the corresponding features between
the target image and the source image is critical for the feature-based registration.
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3. An optimization operation: In order to optimize the objective function in a global
or local manner, an optimization procedure is needed. For a feature-based objective
function, the iterative closest point (ICP) method [40] is widely used. An intensity-
based objective function could be optimized using choices such as a gradient
descent method [41] or quasi-Newton minimization method with bounds (L-BFGS-
B) [42] algorithm. In most applications, whereas the objective functions are not
convex, additional efforts [43—44] are needed to reduce the liability of an
optimization trapped in local minima. The ICP method only considers one
directional cost function and could not ensure one-to-one correspondence between
the fixed point set and the moving point set. Although it was developed initially for
rigid registration, its direct application to non-rigid registration problems might
lead to aberrant results. A couple of approaches [20][45][46][47] were developed
by other investigators to address this issue. For example, Chui et al [20] developed
a point matching algorithm (RPM). The basic idea was to relax the correspondence
variable to be in the interval of [0,1], rather than being binary valued. Myronenko
et al. [47] described a probabilistic model that treated the point registration as a
maximum likelihood (ML) estimation problem. Other approaches included the
Gaussian mixture models (GMM) [45][46], where the registration problem was
defined as aligning two Gaussian mixtures by minimizing the L2 distance between
two Gaussian mixtures. Recently, in order to reliably handle outliers in both point
sets, Sang et al. [48] used a bidirectional expectation—maximization (EM) process
to estimate the deformation parameters.

In this study, we proposed a bidirectional B-spline affine transformation (BSAT) model.
Unlike the traditional B-spline methods, each control point is defined as an affine
transformation. A bidirectional distance cost is used to formulate the objective function,
where both errors from moving image to fixed image and from fixed image to moving image
are considered. Finally, the objective function is reformulated as a sparse linear system.
Detailed descriptions of the developed algorithm and its quantitative performance
evaluations as well as its comparison with other approaches follow.

II. METHOD AND MATERIAL
A. B-Spline Affine Transformation (BSAT)

A transformation from the target (moving) image to the fixed image is defined as a mapping
f: o — w'. Given a point p; =[x, yj, z]-]T in a moving image where 0 < xj, yj, 7 <1, its
mapping f(p;) in the fixed image is computed using

f(pj)=AP)D;

where g =[x, ¥j, zj,l]T, T denotes transpose of a matrix. A(p) is an affine transformation
matrix function with a matrix size of 3x4, which is the weighted sum of a set of affine
transformation matrices:
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A(pj):ZQ(Pja B;i)B;. (2
i=1

{B;} are the control points and each control point B; is an 3x4 affine transformation
matrix. g(pj, Bj) = 0 is the weight of the pair of point pj and control point B;. For each point

M
2900 BI=1 ot e weighting function g(p;, By is defined by the quadratic B
pj, = . Here, the weighting function g(p;, Bj) is defined by the quadratic B-

spline basis; and the proposed model is called B-Spline Affine transformation (BSAT). The
proposed BSAT model is a more generalized model of the B-Spline transformation (BST),
in which each control point is treated as a displacement / deformation. If the left three
columns of the transformation matrix B; of each control point are replaced with an identity
matrix

1 00 dx
B=|0 1 0 dy ©)
0 0 1 dg

then the BSAT model degenerates to a BST model. The BSAT model is also a more

generalized model of the affine transformation. I all the transformation matrices { B;} X,
has the same elements, the model will degenerate to an affine registration. For each control
point, the BSAT model has twelve parameters, while the BST has three parameters. This
means that the BSAT model may provide more complex transformation (freedom) than the
BST with the same set of control points.

B. A Bi-Directional Objective/Cost Function

An objective function consists of an external cost function and an internal cost function

E(f):(lga)Eerror(f)+aErigidness(f) 4)

where Egrror measures the registration errors, and Eyjgidness measures the rigidness of the
registration. The parameter 1 > a = 0 is a tradeoff between the registration accuracy and the
rigidness of the registration. In practical applications, feature identification procedures may
be used to identify some corresponding features (e.g., points, surfaces, or curves) depicted
on given images. Generally, the features could be represented using a set of points; hence,
the problem can be formulated as:

Input: two sets of feature points identified separately from a fixed image & and a moving
image Sy, For each moving point pj, a weight w; > 0 may be associated to quantify the
priority or the importance of this point.

Output: a spatial transformation f defined in (1) by which E is minimized.

The registration error can be summarized as
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L
Eermr:ij (f(pj)_qj)2 (5)
=1

w; 20 is the weight of the moving surface point pj, g is the corresponding point to pj in fixed
feature point set. The traditional methods typically determine the corresponding point g in
fixed point set & by minimizing the distance between ¢ and (), i.e.,

— 1 y ) — 2
qj_arg;rensl}llf(p]) I

They only consider a unidirectional cost from the moving feature points to the fixed feature
points and ignore the cost from the fixed feature points the moving feature points. Also,
there may be multiple moving feature points corresponding to the same closest point in the
fixed feature point set. In cases such as the one in Figure 1(a), the transformed moving
points (warped points) will shrink to a line. Despite the minimal cost in this case, the
underlying correspondence between the two point sets is not correct.

In order to overcome this issue, we consider the cost from the fixed points to the moving
points as well. This bidirectional strategy is similar to the Hausdorff distance [49], which
measures the closest distance between two point sets. Here, we introduced a concept termed
as active pair. (pj, gj) is an active pair between the moving point set Sy and the fixed point
set &, if (pj, g;) meets the following three conditions:

a. pj, gj have the same label
¢j=arg min || (p)=a|I* o pj=arg min |11 (p)—*
c. Forany other pairs (pj, ) and (p, g;) that satisfy condition (a) and (b), the

inequality holds: || f(p;) —qj II* 2I| f(p) —qj I and || f(py) —j II* Il f(py) —ar 1>

where the “same label” is determined before the registration procedure. The feature points
selected from the fixed and moving images are classified into different categories. The
points from the same category have the same label. For example, we can classify feature
points into different categories in terms of pulmonary lobe boundary and the boundary
points on the same lobe will have the same label.

To find the active pairs {(pj, ) }, the following steps are performed:

1. For each fixed point, find its nearest moving point with the same label and assign
their connection / edge to both points;

2. For each moving point, find its nearest fixed point with the same label, assign their
connection / edge to both points;

3. For each connection/edge f(pj)qj, (pj, gj) is an active pair if length of f(pj)qj is
greater than all the other edges assigned to pj and ;.

The new scheme considers registration errors from both directions and ensures a
symmetrical “one-to-one” correspondence. The correspondence remains the same when we

Comput Med Imaging Graph. Author manuscript; available in PMC 2015 June 01.
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switch the fixed and moving point sets. Each point in the fixed point set and each point in
the moving point set only belong to one active pair. pj is an active moving point, if (p;, q) is
an active pair. We note that, generally, not all the moving points are active and not all the fix
points are active. In an extreme case, there may be only one active pair initially. However, in
practice, more than half of the moving points are active. Two examples in Figure 1 are used
to illustrate the potential advantage of the proposed bi-directional correspondence as
compared to the traditional unidirectional correspondence. It can be seen from the examples
that bi-directional correspondence provides a more reasonable correspondence between the
warped object and the fixed object.

The rigidness cost function Eyjgjgness measures the variation of the transformation matrix A,
and it is defined as

dA 2 9A ? DA 2
Erganess= [ [ 1501 #1501+ deivs )
T,Y,2

where ||||r denotes the Frobenius norm. The rigidness Eyjgjdness=0, if A is an identical matrix

function. If @ — 1, all the transformation matrices { B;} | will be the same and the
registration will degenerate to an affine registration.

C. Optimization Procedure

The iterative closest point (ICP) method is widely used to find the correspondences between
two point sets. ICP “pushes” the moving feature points to their corresponding fixed feature
points iteratively. Given our bi-directional model, as the examples in Figure 1 show, a
corresponding fixed feature point is not necessarily the closest point of the moving feature

point. For each iteration, the energy function E is a quadratic polynomial of { B; }M thus
we can use a gradient descent method to compute {Bi}i:1 by minimizing E. In this study,

we directly obtain the optimal {Bi}ﬁl by solving a least square problem with a sparse
coefficient matrix. Detailed implementation is described below.

Let a matrix X =[By, By, ..., By] " with a size of 4M x3 include the transformation matrices

{B;}, of all the control points. The matrix Q=[ /wiq1, \/wzgs, - - -, \/w,q,]" has asize
of L x3. Here, M is the number of B-spline control points, and L is the number of active

moving points. We define a sparse matrix U with a size of Lx4M, each entry of U is given
by

\/w_jg(pj7 )-Tja =1
Ulj,4(i—1)+k]= V@59(pj, Fi)y;, k=2 ’
[4,4(i—1)+k] wg(py, Pz, k=3 @®)

\/w_jg(pjv )17 k=4

where i =1,2,..., M; j =1,2,..., L. Substitute U, X, and Q into the registration error function

— 2 Gimi i ion i ; ;
(5), we have Ecror=|UX—Q]| . Similarly, the rigidness cost function in Equation (7) is a
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quadratic equation of X thus can be rewritten in a compact form Eyjgjidness= XTVX, where V

is a semi-definite matrix with a size of 4M x4M. The optimization problem (4) is then
rewritten as the following least square problem

min, (1-0)[UX-Q|? +aX VX, (g
The above problem is equivalent to the following linear equation

[(1—a)UTU4aV]X=(1-a)UTQ. (0)

Whereas UTU +V is a sparse matrix, thus we can use some efficient sparse solver, such as
SuperLU [50], to efficiently solve the sparse linear equation.

D. Some Implementation Details

In order to find the bidirectional correspondent feature points efficiently, we divide the
whole point sets (e.g., image pixels or voxels) into a set of sub-volumes, and the searching
for the nearest feature points is performed within the nearest sub-volume. In practice, the
identified feature points may not distribute uniformly in space. If the conventional B-spline
is used as the transformation model, there may be too many feature points around some
control points, while no feature points around some other control points. Hence, we used an
Octree-spline scheme instead of the conventional B-spline. First, an axis-aligned bounding
box (AABB) is used to establish a volumetric grid system for an image. If a sub-volume
contains too many feature points, it is then divided into eight smaller boxes with the same
size. This subdivision operation is repeated until there is no sub-volume that contains too
many feature points. For each sub-volume, its center is selected as a corresponding control
point for the spline transformation. In the optimization, the iteration would stop at step T if
the energy function Er is larger than 0.999 Et _;.

E. Performance Evaluation

As we mentioned, the innovations of our approach lies in two aspects, namely (a) a B-spline
transformation model where an affine transformation is defined at each control point, and

(b) a bidirectional objective / cost function. To verify the potential advantages, we designed
and compared the following four methods on four synthesized 2D datasets (Section Il. E. 1):

e Method-AB: In the transformation model, an affine transformation (A) is defined at
each control point; and the proposed bidirectional distance (B) is used to compute
the cost.

e Method-AS: In the transformation model, an affine transformation (A) is defined at
each control point; and the traditional unidirectional distances (S) is used to
compute the cost.

e Method-DB: In the transformation model, a translation transformation (D) is
defined at each control point; and the proposed bidirectional distance (B) is used to
compute the cost.

Comput Med Imaging Graph. Author manuscript; available in PMC 2015 June 01.
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»  Method-DS: In the transformation model, a translation transformation (D) is
defined at each control point; and the traditional unidirectional distances (S) is used
to compute the cost.

We implemented all the above four methods for both two-dimensional (2D) synthesized
images and three-dimensional (3D) volumetric images (i.e., chest computed tomography
(CT) examinations).

E.1 Synthesized 2D datasets

Four synthesized 2D datasets, as shown in Figure 2, were generated to assess the above
derived four methods. The points in green indicate the fixed point set, the points in red
indicate the moving point set, and the points in black indicate the grid points of the moving
point set. “data_1" and “data_2” are sampled from the capital letters “OBADIAH”. Each of
them has 2786 fixed feature points and 2786 moving feature points. In “data_3" and
“data_4”, there are some missing points in the moving image. In “data_1" and “data_3", the
fixed and moving images have the same center, while in “data_2" and “data_4”, the centers
of the fixed and moving images are significantly different.

Whereas the regularized coefficient a is an important parameter in the deformation models,
we tested each model with 99 different a values ranging from 0.01 to 0.99 with an interval

of 0.01. For each a, the root mean squared error (RMSE) of the registration was computed.
The registration errors of both directions were computed:

1 Nm 1 Ny
Errora= $ N Z(Ta (pi)_Qi)2+ FZ(TQ (pj)_Qj)2 (11)
mi=1 fi=1
where Ny, and Ns are the number of the moving feature points and the fixed feature points,
respectively, T, denotes an optimized transformation for a given a, p; is a moving feature
point, and q; is a fixed feature point that has the minimal distance to T(p;). The mean, the
maximum and the minimum of the 99 Error , as well as their standard deviations were
computed.

E.2. Volumetric lung CT examinations with follow up scans

Forty low-dose CT examinations of twenty patients were specifically selected from a
database as a result of the University of Pittsburgh Lung Cancer Specialized Program of
Research Excellence (SPORE). These examinations were all pathologically verified lung
cancer cases with the tumor location information. They were acquired from 2002 to 2009
using LightSpeed Plus 4-MDCT or LightSpeed Ultra 8-MDCT scanners GE Healthcare. The
low-dose CT acquisition protocol varied slightly depending on patient size. Exposure
settings ranged from 120 to 140 kVp, 29.7£10.7 mAs, with section reconstruction interval
ranged from 0.625 mm to 5 mm, and in-plane pixel size from 0.50 mm to 0.98 mm. Images
were reconstructed with 512x512 pixel matrices using the GE Healthcare “lung”
reconstruction kernel. Each patient had two scans with a time interval from 4 months to 68
months (mean=22 months). In each scan, a lung nodule was identified by a radiologist [51].
The utilization of these CT examinations is to assess the performance of the developed

Comput Med Imaging Graph. Author manuscript; available in PMC 2015 June 01.
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scheme in pulmonary nodule (tumor) registration. Pulmonary lobes, which were identified
by a computerized scheme described in [52], were used as the feature points for registration
purpose. The registration error was assessed by computing the mean, maximum, and
minimum Euclidean distance (ED) between the mass centers of the corresponding nodules
between two follow-up scans. The mass centers were estimated using an automated nodule
segmentation scheme [53].

E.3. Registration of inspiration and expiration CT examinations

Twenty-pairs of CT examinations with full inspiration and at suspended full expiration were
randomly selected from a Lung Tissue Research Consortium (LTRC) study at the University
of Pittsburgh. These examinations were acquired without contrast and with subjects holding
their breath for approximately 15 seconds at both end-inspiration and end-expiration. The
protocol was the same for the inspiration and expiration acquisition for each participant.
Images were reconstructed to encompass the entire lung field in a 512x512 pixel matrix.
More details on the protocol can be found in [54]. The lobe boundaries were also employed
as feature points. To assess the accuracy of the developed methods in expiration and
inspiration registration, we used a computerized scheme described in [55] to identify the
airway trees and their bifurcation points in the first four generations. The correspondences of
the points were firstly established automatically by computing their Euclidean distances
after registration performed and then verified / corrected by an expert. The Euclidean
distances between the corresponding bifurcation points after registration operation are
computed as indices of the registration error.

F. Parameter setting in the experiments

In our experiments, all the feature points were assigned with the same weight 1. For the CT
examinations, an adaptive and dynamic a was selected in this study as a = 0.9/(T +1),
where T was the step number of the registration. The initialized grid volume system had a
grid size of 4x4x4. For the octree spline scheme, if a subvolume contains more than 2000
feature points, it was divided into eight smaller subvolumes. The number of the feature
points was around 1 million, and number of the control points was around 2000. Since each
control point in the B-Spline affine transformation has more freedom than the B-Spline
displacement, more control points were used in the B-Spline displacement so the two
transformations had the same degree of freedom.

lll. RESULTS

First, the registration errors of the four derived methods on the four synthesized 2D datasets
are summarized in Table I. At the same time, the final registration results are shown in
Figure 4. It can be seen that Method-AB has the smallest error consistently. In particular, as
the registration errors of Method-DB and Method-AB show, the introduction of the bi-
directional objective function increase the registration accuracy significantly. The results in
Figure 4 demonstrated that the methods with unidirectional cost functions (i.e., Method-DS
and Method-AS) were trapped in local minima when there is complex structures (e.g., d-
data_1) or there are large displacements between two images (e.g., data_4). Second, for the
forty lung CT examinations with follow-up scans, the registration errors of the 40 depicted

Comput Med Imaging Graph. Author manuscript; available in PMC 2015 June 01.
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nodules (tumors) were summarized in Table 1. It can be seen again that Method-AB has the
smallest registration error with a mean of 6.9+3.3 mm. Third, when studying the
registrations between the paired inspiration and expiration CT examinations, as shown in
Table 111, we found that Method-AB had the best performance with a mean error of 2.7+1.0
mm. An example is shown in Figure 5.

In computational efficiency, the proposed registration scheme converged approximately in
30 iterations in the volumetric CT registration in our experiments. For each iteration, it took
the scheme about 10 seconds to identify all the corresponding feature points. Additional 15
seconds were needed to solve the sparse linear equation problem, when there were around
2000 control points. Therefore, it totally took 10 ~ 15 minutes to perform the registration.

IV. DISCUSSION

In this study, we developed a new registration scheme termed as B-spline affine
transformation (BSAT). The innovation of this scheme lies in two aspects: (1) defining an
affine transformation instead of the traditional translation at each control point, and (2)
defining a bi-directional instead of the traditional unidirectional objective / cost function.
Mathematically, the developed B-spline affine transformation (BSAT) is a generalized
model of the traditional B-Spline transformation (BST). The primary difference between the
B-spline model with affine transformations and the B-spline model with displacements or
translation are their regularizations. The regularization of the former model as in Equation
(7) gives the transformation more freedom so that the transformation will have a zero cost
on the regularization when displacing, rotating, rescaling, and shearing. On the contrary, the
regularization of the models with displacements gives the transformation much fewer
freedoms, where the transformation has a zero cost on the regularization only with
translation. Although the B-spline model also has zero cost in the model constraint when
using the bending energy (second order constraint), the second order constraint might be
more sensitive than the first order constraint used in the B-spline affine model. As our
experiments demonstrate, the affine transformation defined at the B-spline control points is
capable of obtaining smaller registration errors than the traditional displacement. The
traditional ICP methods use a unidirectional cost function that always pushes the moving
feature points to the fixed feature points. In contrast, the proposed bidirectional cost function
not only pushes the moving feature points to the fixed feature points but also pull the
moving feature points away from the fixed feature points at the same time, depending on
which direction will lead to a smaller cost. In our experiments, bidirectional cost energy
decreases faster than the unidirectional cost energy and converges to smaller values (an
example is shown in Figure 6).

The proposed B-spline affine transformation shares some similar properties as the polyaffine
transformation [21-23]. Both of them are defined as a composition of M affine
transformation and could be used to solve a sparse linear system. Without considering the
objective function and the optimizations, a B-spline affine transformation can be regarded as
a special model of the polyaffine model when using the B-spline control points as anchor
points and using B-spline basis as the weight function. However, they are different in some
aspects. First, the BSAT model was proposed for feature based registration while the
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polyaffine transformation was proposed for intensity based registration. Second, the
polyaffine model requires a preprocessing to find anchor points while the BSAT identifies
the control points directly. Third, they have different objective functions. In addition, the
two linear systems have different dimensions when optimizing the objective function. For
example, the BAST and the polyaffine models solve the linear systems with coefficient
matrices of size 4AM*4M and 12M*12M, respectively, where M is the number of the control/
anchor points.

In concept, the proposed bidirectional energy function can be regarded as a variant of the
Hausdorff distance. As compared with the available work such as Sang et al.’s [48], the
underlying motivation of our approach and its strategy in implementation are different. For
example, Sang et al. proposed the bidirectional update processing to improve the finite
mixture model (FMM) in the presence of outliers (noises) in both fixing and moving point
sets. We proposed the bidirectional energy in order to achieve an efficient elastic registration
for homologous structures when there is large deformation. In addition, the bidirectional
update processing proposed by other investigators was implemented in a way where the
roles of the moving points and the fixed points were NOT fixed for two given point sets,
namely X and Y. In other words, in one iteration, the point set X is treated as the fixed point
set and Y as the moving point set; while in the next iteration, the point set X is treated as the
moving set and Y as the fixed set. The parameters and the positions of these points were
updated in each iteration. This procedure was repeated until the parameters converge. In
contrast, in our proposed model, the roles of the moving points and the fix points were fixed,
and the bidirectional energy was represented and solved in a single objective function.

In most applications, diffeomorphic registrations are desirable because a diffeomorphism is
a globally one-to-one smooth and continuous mapping with derivatives that are invertible
(i.e. positive Jacobian determinant) [56-57]; otherwise, the underlying topology may be
changed after registration. Detailed descriptions of the BST models and their solution can be
found in [56-57]. In the proposed BSAT model, although diffeomorphism is not guaranteed,
an implied soft constraint is imposed in the regularization term in Eq. (7).

In implementation, whereas the moving feature points are often not on the integer grids
when searching bi-directionally for the corresponding feature points, it may not be proper to
use the distance transform to improve the computational efficiency. Hence, we proposed to
divide the volume into a set of sub-volumes. Our experiments showed that this sub-division
strategy achieved a reasonable efficiency in registration. In addition, the selection of the
regularization parameter a is critical in the registration model. If a is too small, the
deformation will easily be trapped in local minima, especially when the mass centers of the
two images for alignment are far away to each other (e.g., “data_2” and “data_4" in Figure
2). If a is too large, the regularization will dominate the objective function and the
deformation will lead to larger error. In practice, there are several ways to address these
problems. For example, when performing the pulmonary nodule registration, we align the
lung volume centers for initialization. Another way to avoid the a selection is to set a large
a (e.g., 0.99) at the first iteration, and then make a decrease progressively until the
registration converges towards a predefined small value (e.g., 0.1). In this way, the
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registration will not easily stop at local minima and may ultimately lead to a relatively high
accuracy.

V. CONCLUSION

In this study, a new registration scheme is proposed to align two images based on feature
points. The affine transformation is used to replace the traditional displacement at each B-
spline control point, and a bidirectional distance cost function is used to replace the
traditional unidirectional distance cost function. Experiments on both 2D and 3D image data
showed that the proposed B-spline affine model could obtain reasonable registration
accuracy.

Acknowledgments

This work is supported in part by grants from the National Heart, Lung, and Blood Institute of the National
Institutes of Health to the University of Pittsburgh under Grants RO1 HL096613, P50 CA090440, P50 HL084948,
and the Bonnie J. Addario Lung Cancer Foundation.

References

1. Simonson K, Drescher S, Tanner F. A statistics cased approach to binary image registration with
uncertainty analysis. IEEE Trans Pattern Analysis and Machine Intelligence. 2007; 29(1):112-125.

2. Domokos, C.; Kato, Z.; Francos, J. Parametric estimation of affine deformations of binary images;
Proceedings of IEEE International Conference on Acoustics, Speech, and Signal Processing; 2008.
p. 889-892.

3. Luo Y, Chung A. Non-rigid Image Registration with Crystal Dislocation Energy. IEEE Trans Image
Process. 2012; 22(1):229-243. [PubMed: 22736644]

4. Schneider RJ, Perrin DP, Vasilyev NV, Marx GR, Del Nido PJ, Howe RD. Real-time image-based
rigid registration of three-dimensional ultrasound. Medical Image Analysis. 2012; 16(2):402-414.
[PubMed: 22154960]

5.Vo A, Argyelan M, Eidelberg D, Ulu AM. Early registration of diffusion tensor images for group
tractography of dystonia patients. Magnetic Resonance Imaging. 2012

6. Muenzing SE, van Ginneken B, Murphy K, Pluim JP. Supervised quality assessment of medical
image registration: Application to intra-patient CT lung registration. Medical Image Analysis. 2012;
16(8):1521-1531. [PubMed: 22981428]

7. Dorgham OM, Laycock SD, Fisher MH. GPU Accelerated Generation of Digitally Reconstructed
Radiographs for 2-D/3-D Image Registration. IEEE Trans Biomedical Engineering. 2012; 59(9):
2594-2603.

8. Gottesfeld, Lisa. A survey of image registration technique. ACM Computing Surveys. 1992; 24(4):
325-376.

9. Zitova B, Flusser J. Image registration methods: A survey. Image and Vision Computing. 2003;
21(11):997-1000.

10. Markelj P, TomaZevi€ D, Likar B, Pernu F. A review of 3D/2D registration methods for image-

guided interventions. Medical Image Analysis. 2012; 16(3):642-661. [PubMed: 20452269]

11. Betke, M.; Hong, H.; Ko, JP. Automatic 3D registration of lung surfaces in computed tomography
scans. Proceedings of the Medical Image Computing and Computer-Assisted Intervention
(MICCAL); 2001. p. 725-733.

12. Shi J, Sahiner B, Chan HP, Hadjiiski L, Zhou C, Cascade PN, Bogot N, Kazerooni EA, Wu Y, Wei
J. Pulmonary nodule registration in serial CT scans based on rib anatomy and nodule template
matching. Medical Physics. 2007; 34(4):1336-1347. [PubMed: 17500464]

13. Hong H, Lee J, Yim Y. Automatic lung nodule matching on sequential CT images. Computer in
Biology and Medicine. 2008; 38:623-634.

Comput Med Imaging Graph. Author manuscript; available in PMC 2015 June 01.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Guetal.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35

Page 13

Thirion JP. Image matching as a diffusion process: An analogy with Maxwell’s demons. Medical
Image Analysis. 1998; 2(3):243-260. [PubMed: 9873902]

Wang H, Dong L, O’Daniel J, Mohan R, Garden AS, Ang KK, Kuban DA, Bonnen M, Chang JY,
Cheung R. Validation of an accelerated demons algorithm for deformable image registration in
radiation therapy. Physics in Medicine and Biology. 2005; 50:887-905.

Yin 'Y, Hoffman EA, Lin CL. Mass preserving nonrigid registration of CT lung images using cubic
B-spline. Medical Physics. 2009; 36(9):4213-4222. [PubMed: 19810495]

Cao, K.; Christensen, GE.; Ding, K.; Reinhardt, JM. Intensity-and-landmark-driven, inverse
consistent, B-spline registration and analysis for lung imagery. Proceedings of the 12th
International Conference on Medical Imaging Computing and Computer-Assisted Intervention
(MICCAL); 2009. p. 137-148.

Szeliski R, Coughlan J. Spline-based image registration. International Journal of Computer Vision.
1997; 22(3):199-218.

Rueckert D, Sonoda LI, Hayes C, Hill GDL, Leach MO, Hawkes DJ. Non-rigid registration using
free-form deformations: Application to breast MR images. IEEE Transactions on Medical
Imaging. 1999; 18(8):712—721. [PubMed: 10534053]

Chui, Haili; Rangarajan, Anand. A new algorithm for non-rigid point matching. CVPR.
2000:2044-2051.

Arsigny V, Pennec X, Ayache N. Polyrigid and polyaffine transformations: A novel geometrical
tool to deal with non-rigid deformations—Application to the registration of histological slices.
Med Image Anal. 2005; 9(6):507-523. [PubMed: 15948656]

Arsigny V, Commonwick O, Ayache N, Pennec X. A fast and log-Euclidean polyaffine framework
for locally linear registration. JMIV. 2009; 33(2):222-238.

Taquet, Maxime; Macq, Benoit; Warfield, Simon K. Spatially adaptive log-Euclidean polyaffine
registration based on sparse matches. Proc MICCAI. 2011:590-597.

Richardson, IEG. H.264 and MPEG-4 Video Compression: Video Coding for Next-Generation
Multimedia. John Wiley & Sons Ltd; 2003.

Campbell, Lo; MacKinlay. The Econometrics of Financial Markets. NJ: Princeton University
Press; 1996.

Woods RP, Grafton ST, Holmes CJ, Cherry SR, Mazziotta JC. Automated image registration: I.
General methods and intrasubject, intramodality validation. Journal of Computer Assisted
Tomography. 1998; 22(1):139-152. [PubMed: 9448779]

Pluim JP, Maintz JB, Viergever MA. Mutual-information-based registration of medical images: a
survey. IEEE Trans Medical Imaging. 2003; 22(8):986-1004.

Gorbunova V, Sporring J, Lo P, Loeve M, Tiddens HA, Nielsen M, Dirksen A, de Bruijne M.
Mass preserving image registration for lung CT. Medical Image Analysis. 2012; 16(4):786-795.
[PubMed: 22336692]

Christensen GE, Johnson HJ. Consistent image registration. IEEE Trans Medical Imaging. 2001;
20(7):568-582.

Johnson HJ, Christensen GE. Consistent landmark and intensity-based image registration. IEEE
Trans Medical Imaging. 2002; 21(5):450-461.

Musse O, Heitz F, Armspach JP. Topology preserving deformable image matching using
constrained hierarchical parametric models. IEEE Trans Image Process. 2001; 10(7):1081-1093.
[PubMed: 18249681]

Miller MI, Trouve A, Younes L. On the metrics and Euler-Lagrange equations of computational
anatomy. Annual Review of Biomedical Engineering. 2002; 4:375-405.

Chen S, Guo Q, Leung H, Bosse E. A maximum likelihood approach to joint image registration
and fusion. IEEE Trans Image Process. 2011; 20(5):1363-1372. [PubMed: 21047717]
Myronenko A, Song X. Intensity-based image registration by minimizing residual complexity.
IEEE Trans Medical Imaging. 2010; 29(11):1882-1891.

. Xing C, Qiu P. Intensity Based Image Registration By Nonparametric Local Smoothing. Pattern

IEEE Trans Analysis and Machine Intelligence. 2011; 33(10):2081-2092.

Comput Med Imaging Graph. Author manuscript; available in PMC 2015 June 01.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Guetal.

36.

37.

38.

39.

40.

41.
42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Page 14

Liao S, Chung AC. Nonrigid brain MR image registration using uniform spherical region
descriptor. IEEE Trans Image Process. 2012; 21(1):157-169. [PubMed: 21690014]

Liu F, Hu Y, Zhang Q, Kincaid R, Goodman KA, Mageras GS. Evaluation of deformable image
registration and a motion model in CT images with limited features. Physics in Medicine and
Biology. 2012; 57(9):2539-2554. [PubMed: 22491010]

Li Y, Verma R. Multichannel image registration by feature-based information fusion. IEEE Trans
Medical Imaging. 2011; 30(3):707-720.

Woo J, Slomka PJ, Dey D, Cheng VY, Hong BW, Ramesh A, Berman DS, Karlsherg RP, Kuo CC,
Germano G. Geometric feature-based multimodal image registration of contrast-enhanced cardiac
CT with gated myocardial perfusion SPECT. Medical Physics. 2009; 36(12):5467-5479.
[PubMed: 20095259]

Besl P, Mckay N. A Method for Registration of 3-D Shapes. IEEE Trans Pattern Analysis and
Machine Intelligence. 1992; 14(2):239-256.

Akilov, GP.; Kantorovich, LV. Functional Analysis, Pergamon Pr. 2. 1982.

Byrd RH, Lu P, Nocedal J, Zhu C. A limited memory algorithm for bound constrained
optimization. SIAM Journal on Scientific Computing. 1995; 16(5):1190-1208.

Wu J, Murphy MJ. A neural network based 3D/3D image registration quality evaluator for the
head-and-neck patient setup in the absence of a ground truth. Medical Physics. 2010; 37(11):
5756-5764. [PubMed: 21158287]

Olsson C, Kahl F, Oskarsson M. Branch-and-bound methods for euclidean registration problems.
IEEE Trans Pattern Analysis and Machine Intelligence. 2009; 31(5):783-794.

Jian B, Vemuri BC. Robust point set registration using gaussian mixture models. IEEE Trans.
Pattern Analysis and Machine Intelligent. 2011; 33(8):1633-1645.

Jian, B.; Vemuri, BC. A Robust algorithm for point set registration using mixture of Gaussians.
Proc. IEEE Internat. Conf. on Computer Vision (ICCV); 2005. p. 1246-1251.

Myronenko A, Song XB. Point-Set Registration: Coherent Point Drift. IEEE Trans. Pattern
Analysis and Machine Intelligence. 2010; 32(12):2262-2275.

Sang Q, Zhang J, Yu Z. Robust non-rigid point registration based on feature-dependant finite
mixture model. Pattern Recognition Letters. 2013; 34(13):1557-1565.

Huttenlocher DP, Klanderman GA, Rucklidge WJ. Comparing images using the Hausdorff
distance under translation. IEEE Transactions on Pattern Analysis and Machine Intelligence. 1993;
15(9):850-863.

Li XS. An overview of SuperLU: Algorithms, implementation, and user interface. ACM
Transactions on Mathematical Software (TOMS). 2005; 31(3):302-325.

Wilson DO, Weissfeld JL, Fuhrman CR, Fisher SN, Balogh P, Landreneau RJ, Luketich JD,
Siegfried JM. The Pittsburgh Lung Screening Study (PLuSS). Outcomes within 3 years of a first
computed tomography scan. American Journal of Respiratory and Critical Care Medicine. 2008;
178(9):956-961. [PubMed: 18635890]

PuJ, Zheng B, Leader JK, Fuhrman C, Knollmann F, Klym A, Gur D. Pulmonary lobe
segmentation in CT examinations using implicit surface fitting. IEEE Transactions on Medical
Imaging. 2009; 28(12):1986-1996. [PubMed: 19628453]

Pu J, Paik DS, Meng X, Roos JE, Rubin GD. Shape break-and-repair strategy and Its Application
to Computerized Medical Image Segmentation. IEEE Trans Visualization & Computer Graphics.
2011; 17(1):115-124.

[Accessed on July 12, 2012] LTRC Protocol. Available at: http://www.ltrcpublic.com/docs/
PRO_NOV_2009.pdf

Pu J, Fuhrman C, Good WF, Sciurba FC, Gur D. A Differential Geometric Approach to Automated
Segmentation of Human Airway Tree. IEEE Transactions on Medical Imaging. 2011; 30(2):266-
278. [PubMed: 20851792]

Choi Y, Lee S. Injectivity conditions of 2D and 3D uniform cubic b-spline functions. Graphical
Models. 2000; 62(6):411-427.

Rueckert, D.; Aljabar, P.; Heckemann, RA.; Hajnal, JV.; Hammers, A. Proc MICCAI’06. Vol 4191
of LNCS. Springer-Verlag; Diffeomorphic registration using B-splines; p. 702-709.

Comput Med Imaging Graph. Author manuscript; available in PMC 2015 June 01.


http://www.ltrcpublic.com/docs/PRO_NOV_2009.pdf
http://www.ltrcpublic.com/docs/PRO_NOV_2009.pdf

yduasnUe J0yINY Vd-HIN 1duIsNUeIN J0YINY Vd-HIN

1duosnuey Joyiny Vd-HIN

Guetal.

Page 15

Figure 1.
Ilustration of the difference between the bidirectional correspondence and the unidirectional

correspondence using two examples.
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(a) Axial view  (b) Coronal view  (c) Sagittal view (d) 3D view

Figure 3.

An example demonstrating the performance of the lobe segmentation scheme [50].
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389

(a) Before Registration (b) After Registration

Figure 5.
An example of the registration result after the application of Method-AB to a pair of

inspiration and expiration CT examinations acquired on the same subjects. The overlays in
green represented the area where the lobes identified in different examinations were
overlapped and the overlay in red represented the area where there was no overlapping
between these lobes.
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Figure 6.

A comparison between the unidirectional and bidirectional correspondence on data_1.
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Registration errors of lung nodules. (unit: mm)

Mean | Std | Max | Min

Affine 8.3 5.2 175 15
Method-DS 7.9 48 | 16.1 13
Method-DB 7.1 4.6 175 11
Method-AS 8.0 41 | 146 15
Method-AB 6.9 3.3 14.7 0.3
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Table llI

Registration error of airway tree bifurcations. (unit: mm)

Mean | Std | Max | Min

Affine 3.45 124 | 636 | 1.53
Method-DS 3.09 1.10 | 554 | 1.35
Method-DB 2.94 1.03 | 440 | 1.07
Method-AS 3.08 1.07 | 531 | 1.24
Method-AB 2.72 0.95 | 4.07 | 1.03
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