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Fig. 2. Example of a radiation treatment plan of a patient with liver cancer treated in 6 fractions
with 36 Gy. Displayed are orthogonal cuts through the 3D CT, and target contours, and iso-dose
lines. Images courtesy Radiation Medicine Program, Princess Margaret Hospital (L. Dawson).

radiation delivery due to breathing, cardiac motion, rectal peristalsis and bladder
filling. Inter-fractional (day-to-day) geometric change occurs over the weeks of
therapy, due to digestive processes, change of breathing patterns, difference in
patient setup, and treatment response like growth or shrinkage of the tumor or
nearby risk organs (e.g., the parotids in head and neck treatment). These changes
are taken into account by population-based “uncertainty” margins around the target
area, which may be excessive or conservative and are applied to the structures
identified before the therapy begins.

Repeat 3D imaging with single or multiple imaging modalities acquired at
various time intervals during and after a radiation course provides the opportunity
to increase treatment accuracy and precision by optimizing treatment in response
to anatomical changes; to improve target delineation through modality-specific
complementary tumor representations, to quantify patient specific physiological
motion, and to assess treatment response. The exploitation of integrated imagery
may allow both dose escalation to the tumor and reduction of dose given to organs
at risk. This has the potential to allow for dose escalation using larger fractions size
hypo-fractionated regimes increasing the chance of local control without increasing
toxicity.
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The concepts of adaptive radiotherapy (ART) and image-guided radiotherapy
(IGRT) provide methods to monitor and adjust the treatments to accommodate the
changing patient. ART is an off-line approach where the anatomical and biological
changes are monitored over the course of treatment, and the treatment is modified
when significant changes are identified. IGRT is typically an on-line concept where
the patient or treatment plan is shifted or modified for each treatment. Both
concepts require advanced image processing tools in order to be successful in clinical
practice.

The goal of deformable image registration is to resolve differences in geometry
while maintaining modality-specific differences in information content by means of
estimating the spatial relationship between the volume elements (i.e., the image
voxels) of corresponding structures across image data sets. The solution of this task
in turn allows for the geometrically corrected transfer of target and organ at risk
contours (or regions of interest, ROI) between images, quantitative description of
physiological motion patterns, measurement of image-based surrogates of treatment
response, and the design of dose patterns and determination of their effect in
deforming anatomy on a patient-specific basis.

The remainder of this chapter reviews the basic algorithmic components of
deformable image registration techniques commonly used in RT planning, and
their applications to treatment sites where geometric changes are most prominent,
including mono- and multi-modal image registration for cancer of the head and
neck, lung, liver and prostate.

2. Algorithmic Components of Deformable Image Registration
Techniques

Deformable image registration has been studied since the early 80s and for many
years, brain surgery and neurosciences have been the driving applications for
developing an abundant number of techniques.3,4 Despite the significant progress
that has been made, deformable registration is still not clinically accepted and
remains a challenging problem.

In the following sections we will describe the core components of a deformable
registration algorithm — similarity measures, deformation models, and commonly
used optimization methods. This section does not intend to provide a complete
literature overview, but to give a flavor of methods applied to radiation therapy
problems, and to provide a basis for the subsequent discussion of application to the
various treatment sites.

2.1. Similarity measures

2.1.1. Intensity-based similarity measures

Registration methods that use voxel similarity measures determine the registration
transformation by optimizing the similarity function directly from the voxel values
rather than from points or surfaces derived from the image.4



January 12, 2008 10:53 spi-b508-v1 Biomechanical System 9.75in x 6.5in ch01 FA

Deformable Image Registration for Radiation Therapy Planning 5

One of the simplest voxel similarity measures between a transformed image I2

and a fixed image I1 is the sum of squared grey value differences

SSD =
∑
i∈M

(I1(i) − I2(i))2,

where M is the region of overlap of the images I2 and I1. SSD is very sensitive to
voxels with large intensity differences (outliers) which makes SSD only applicable
in single-modality registration contexts, or more precisely, in cases where the images
to be registered only differ by noise when registered. The least-squares form of SSD

makes the measure computationally very attractive since fast optimization schemes
such as Gauss–Newton or Levenberg–Marquardt can be applied.5

If a linear relationship between the grey values of the images can be assumed,
correlation-based similarity measures such as the cross-correlation

CC =
∑

(I1(i) − Ī1)(I2(i) − Ī2)√∑
(I1(i) − Ī1)2

√
(I2(i) − Ī2)2

can be applied. As this is a quadratic form, the same highly efficient numerical
methods can be applied as for the optimization of SSD-based measures. Usually
CC is not suited for multi-modality registration since a global linear transformation
function of the grey values cannot be presumed. However, in a number of small
neighborhoods the assumption of a linear relationship is valid and the cross-
correlation coefficient can be used as an indicator of image similarity.

If we square and accumulate the local CC values (allowing for positive as well as
negative correlated transitions) then also multi-modality images can be registered.
The measure is denoted as local correlation

LC =

√√√√ 1
N

∑
Sj∈M

CC2(Sj),

where CC2 is the square cross correlation coefficient for the j-th subregion Sj , and
N is the number of subregions contained in N . LC has been successfully used for
various medical rigid and deformable registration tasks.6

Image registration can also be considered within an information theoretic
framework. The basic idea is to exploit a statistically significant relationship between
the grey values of the input images. This relationship does not have to be explicitly
known. The only fact used is that proper registration means proper alignment of
significant grey value structures that — via their statistical relationship — lead to
pronounced peaks in the joint grey value distribution detected as maxima of its
mutual information or entropy. The mutual information

MI = −
∑
j,k

(
P 2D

j,k

V
log

P 2D
j,k

P 1
j P 2

k

)
,
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where V denotes the volume of overlap, P 1
j and P 2

k are the probabilities of grey
values j and k in the two images respectively, and P 1,2

j,k is the probability that
grey values j and k occur in the fixed and at the corresponding position in the
transforming image. MI has become the accepted standard for image registration,
in particular for multi-modality applications. Over the last years, a large amount
of publications demonstrate that MI can be used without need for pre-processing,
user initialization and parameter tuning.7

The normalization of MI (NMI) with respect to the image overlap has proven
as a useful extension of the measure. A drawback is that MI is not a least-squares
criterion and the calculation of derivative information is not straightforward.8

Steepest decent or simplex optimization schemes are frequently applied which
may result in prohibitive computational costs for elastic transformations with a
larger number of parameters. A dedicated Levenberg–Marquardt method for MI

optimization can be found in.9 This approach has recently been extended to higher
order MI.10

MI is usually applied on image intensities directly. Recent work explores MI for
measuring the similarity of voxel labels or image features by allowing different sized
bins leading to probabilistic MI.11 The registration is separated from the image
space by integrating a pre-processing step that interprets grey values according to
an underlying tissue class model.

2.1.2. Contour-based measures

Contour matching has been used to define boundary conditions for point-,
surface or finite element model-based deformable registration algorithms. Basically,
deformation is prescribed on the surfaces of ROI, which are then interpolated to
the remaining voxels in the image by means of various deformation models.

Contour matching relies on previously delineated ROI in the image pairs.
Several techniques to derive point-correspondences from corresponding contours
have been developed, including manual identification and automated optimization
to align the surface while minimizing distortion or energy.

Contour matching, through the manual identification of point correspondences
on contours of the ROI on two images is limited to the accuracy with which one
can identify corresponding points and is often used as a starting point for iterations
that involve energy minimization.12,13

Energy minimization calculates the energy required to deform the contour by
the displacement vector. By minimizing the energy that is required to deform the
contoured representation of the ROI from one instance to another, the algorithm
strives to model the true physiological deformation, which is governed by the path of
least resistance.14 Guided surface projection projects points, defined on the surface
of one ROI, to a surface, defined by the second representation of the ROI. The
projection is primarily perpendicular to the surface but allows flexibility in the
projection to preserve the relationship between the points on the ROI surface.15,16
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2.2. Deformation models

2.2.1. Parametric transformations

A common method for describing parametric elastic transformations is to view
the transformation as a deformation field defined by a linear combination of a
class of basis functions. Common choices of basis functions are thin-plate spline
(TPS) models using radial basis functions, elastic body splines (EBS), or B-splines.
The latter have the advantage of local support (basis functions with local support
have also recently been applied for registration using TPS and EBS.17,18 Using
basis functions with compact support, a change of a parameter only affects
the transformation in a spatially limited neighborhood while other parts of the
deformation remain unchanged. Hence, with respect to image reformation, only the
relevant part of the image has to be resampled, which significantly improves the
computational performance.

2.2.1.1. B-splines
The 1D basis function of a B-spline is a piecewise polynomial with a uniform spacing
between the control points, which is extended to higher dimensions by a tensor
product. For example, a B-spline deformation field in 3D is defined as

�u(x, y, z) =
3∑

l=0

3∑
m=0

3∑
n=0

Bl(u)Bm(v)Bn(w)φi+l,j+m,k+n ,

where Bl represents the lth basis function of a B-spline, φi+l,j+m,k+n is a control
point on a uniform grid nx×ny×nz, and x, y, z are the spatial 3D image coordinates.
B-splines, in particular in combination with MI similarity, have shown potential for
medical applications such as breast MRI.10

Although B-splines can be used within a multi-scale framework by first using
coarse meshes which are constantly refined, the individual mesh resolution cannot
be adapted to the structure of the underlying image. The mesh resolution can
only be improved on the whole image requiring a large number of control points
also in areas where the image does not provide much structure. This must also be
considered when using advanced optimization schemes, for example when using a
Gauss–Newton method in case of SSD similarity, since the linear systems to be
solved during registration may become singular. A solution to this problem is to
allow for a set of irregularly spaced control points which can be better adapted to
the underlying image structures (see below).

Since the displacement of the control points is not constrained during optimi-
zation, a folding of the points may occur resulting in an inconsistent topology of the
deformation field. To overcome this difficulty, several techniques for regularization
are proposed such as adding an energy term to the similarity measure or using
multi-level B-spline approximation techniques.10,19
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2.2.1.2. Radial basis functions
Landmark-based registration methods are based on the framework of topologically
consistent parametric deformations based on a mapping between corresponding
control points (landmarks) in the floating and reference images. The landmark
positions are usually selected manually, or (semi-) automatically, e.g., based on
differential operators or fitting of deformable models.20 Image intensity information
is not explicitly used by these methods.

An interpolation transformation function or displacement field �u�(�xi) based on
point-landmarks must fulfill the constraint

�u(�pi) = �qi,

where �pi constitute a given set of point-landmarks (or control points) in the reference
image, and �qi are the corresponding point-landmarks in the floating image. The
displacement field is generally given by

�u(�x) =
N∑

i=1

�ciU(r) + A�x +�b,

where A�x + �b is an affine transformation, N is the number of control points,
and U(r) is the basis function depending on the Euclidian distance r = |�x − �pi|.
Combining above equations results in a system of linear equations, which can be
efficiently solved to calculate the coefficients �ci and the components of the affine
transformation.

Intuitively, the coefficients have a meaning similar to force strengths, which are
applied at the location of the control points �pi in order to move them on top of
the corresponding points �qi. To estimate the displacement that all forces yield at
a particular location �x in the image, the effect of each force in control point �pi at
location �x is accumulated.

The choice of the basis function U(r) determines the characteristics of the
displacement field away from the control points. Many basis functions have been
proposed, but it is hard to give rules of thumb on how to select the best basis
function, as the best choice is highly data-dependent.

2.2.1.3. Thin-plate splines (TPS)
The 3D TPS function is

UTPS(r) = r,

which is analogous to the one used by Bookstein and has been used to analyze
the variation of biological shapes.21 The name “thin plate” refers to a physical
analogy involving the bending of a thin sheet of metal orthogonal to the plate, such
that it passes through given data points in elevation “z” of the plane, while taking
a shape in which it is least bent. The TPS model produces radially symmetric
transformations, which are globally distributed owing to the affine part.
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2.2.1.4. Wendland functions
With the TPS, a landmark pair can influence the whole image. It has been argued
that TPS has difficulties describing local deformations, if the control points are
not well distributed over the image to prevent deformations in regions where no
changes are desired. Fornefett et al. proposed Wendland basis functions for image
registration, with

UW (r) =
(
1 − r

a

)4

+

(
4
r

a
+ 1
)

,

which produces radially symmetric local transformations that are zero for r > a.17

The support radius a determines the spatial range of influence induced by a
particular control point pair. The deformation induced by mapping �pi to �qi is zero
outside of a spherical image region around �pi with radius a. Because this model
is not invariant to affine transformations, the affine transformation parameters are
estimated and applied prior to the deformable registration with Wendland functions.

2.2.1.5. Elastic body splines (EBS)
The EBS is a physically motivated model, which may be advantageous over the
application of purely geometric transformations for registering follow-up data of the
same subject. The EBS is an analytical solution to the Navier equation, describing
the deformation of elastic bodies under the influence of externally applied forces.3

A parametric representation with an analytical solution of the Navier equation can
be derived if Gaussian-shaped forces are centered at the positions of the control
points to elastically deform the image in a way that the prescribed corresponding
control points (prescribed displacements) are preserved. This leads to the EBS
function

UEBS(r) =
1 + υ

8ΠY [1 − υ]
{Φ1(ξ)I + Φ2(ξ)�er�e

T
r },

with

Φ1(ξ) =
1√
2σ

{
(3 − 4υ)erf(ξ)

ξ
− exp(−ξ2)

ξ2
√

Π
+

erf(ξ)
2ξ3

}
,

and

Φ2(ξ) =
1√
2σ

{
erf(ξ)

ξ
− 3 exp(−ξ2)

ξ2
√

Π
+

3erf(ξ)
2ξ3

}
,

where ξ = r/
√

2σ, �er = (�p − �q)/r is a unit vector pointing in the direction
of r, and υ and Y are the Poisson’s ratio and Young’s modulus controlling the
compressibility and stiffness of the material.18 Similar to the Wendland functions,
the affine transformation is calculated prior to the registration with EBS, and the
parameter σ can be used to define the locality of the transformation in order to cope
with both small deformations of fine-detail and large (relatively to the image size)
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deformations. As opposed to TPS and Wendland functions, the model based on the
Gaussian EBS results in local transformations that are not radially symmetric.

2.2.1.6. Irregular grids
Parametric registration using irregular grids can be considered as a generalization
of landmark-based registration. The placement of landmarks is optimized jointly
with the transformation parameters based on minimization of an objective function,
which can potentially include the similarity measure between the images. This can
be considered as a task of finding an optimal irregular grid of control points defining
the transformation.

In Fornefett et al. the optimal landmark distribution was obtained through
minimization of an energy function defined as a sum of the distance between the
landmark positions in the reference and the transformed floating image and the
TPS bending energy.22 In this approach, however, the similarity measure was not
included into the optimization procedure. In contrast, a registration method was
proposed in Davis et al. where the optimal landmark distribution is selected, which
maximizes the correlation coefficient between the images. A similar strategy has
been pursued in Pekar et al. where optimal positions for Gaussian-shaped forces are
determined by minimization of the squared difference between the images.23,24

An advantage of irregular grids is the potentially smaller number of parameters
required compared to the regularly sampled grids. On the other hand, these methods
may be computationally expensive, since the evaluation of the objective function
to be minimized requires reformatting of the whole image, and global optimization
requiring many evaluations may be needed to avoid local minima.

2.2.2. Non-parametric transformations

Non-parametric transformations rely on physical properties and functions to guide
the registration process. Solving the transformation may be less efficient, but offer
increased flexibility.

2.2.2.1. Linear elastic
Hooke’s law of elasticity describes the strain, the deformation a body undergoes,
when subjected to a stress, the force per unit area. Under Hooke’s law this is a
linear relationship described by

F = −kx,

where x is the change in length of the object, F is the restoring force exerted by the
body, and k is the spring or force constant. Hooke’s law can be rewritten, in terms
of stress and strain, as

σ = Eε,
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or as

∆L =
1
E

× F × L

A
=

1
E

× L × σ.

2.2.2.2. Viscoelastic
In some materials, the relationship between stress and strain is not linear.
A viscoelastic material exhibits hysteresis in the stress–strain curve and stress
relaxation and creep occurs. As the linear elastic model is represented as a spring, a
viscoelastic material is presented using springs and dashpots, connected in a series,
a Maxwell material, or in parallel and series, a Kelvin material. In a viscoelastic
model the stress and strain are a function of time.

2.2.2.3. Hyperelastic
The hyperelastic model, the most general type of nonlinear elastic behavior, assumes
a strain energy density potential, U , which defines the stresses. The strain equation
becomes:

σ =
∂U

∂ε
,

where σ and ε are the work conjugate strain and stress measures.

2.2.2.4. Navier-Stokes equation
The standard partial differential equation (PDE) describing the deformation of a
linear elastic object under equilibrium conditions is given by

µ∇2�u + (µ + λ)∇(∇T �u) + �F (�x, �u) = 0,

where u is the displacement vector, F is the force on the object at x that depends
on the deformation u, and µ and λ are Lames coefficients, determined from Young’s
Modulus (E) and Poisson’s ratio (ν), through the equations

E =
µ(3λ + 2µ)

λ + µ
,

and

ν =
λ

2(λ + µ)
.

2.2.2.5. Viscous fluid
For an incompressible fluid, the conservation of energy, momentum, and mass lead
to the Navier-Stokes equations to describe the motion of a fluid substance. In the
viscous fluid model, µ is set to 1 and λ to 0, resulting in the simplified equation

∇2�u + ∇(∇T �u) + �F (�x, �u) = 0.

The force field �F (�x, �u) can be modified to maximize the intensity similarity between
two images, i.e., using mutual information described above. Given two images G(�x)
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and F(�x − �u) F can be written as

�F (�x, �u) = ∇�uI =
1
V

[
∂ψh

∂il
L�u

]
(F(�x − �u),G(�x))∇F(�x − �u),

where L�u is a function of the mutual information in the images.

2.2.2.6. Diffusion or Demon’s algorithm
The Demon’s algorithm defines the deformation field as

�u =
(m − s)�∇s

|�∇s|2 + (m − s)2
=

�F �∇s

|�∇s|2 + �F 2
,

where (m − s) is the external fore, or the differential force between the static and
moving images

�u(|�∇s|2 + �F 2) − �F �∇s = 0,

and

|�∇s|2�u + �F 2�u − �F �∇s = 0,

where u is the displacement, s is the gradient of the static image.

2.2.2.7. Solving
There are two primary methods to solving the PDEs described above, the finite
element method and the finite difference method. The finite element method
approximates the solution using a mesh to describe the volume and solving the
PDEs at the nodes in the mesh. The finite difference method approximates the
differential equation, solving them using finite quantities instead of infinitesimal
ones.

2.2.2.8. Finite element
The finite element method solves the above partial differential equations using finite
elements, which approximates the solution of the equations using a mesh, which is
a set of discrete sub-domains from a continuous domain. PDEs can be solved by
eliminating the differential equation, using a stead state approach, or by converting
the PDE into an equivalent ordinary differential equation. The finite element method
numerically stable and allows the precision of the model to vary over the model
domain, thereby increasing accuracy in areas where it is needed without increasing
computational time for accuracy in areas where it is not needed. Finite element
analysis is a computer simulation technique for the finite element method. The
accuracy of the approximation can be improved by refining the mesh used to describe
the problem, at the expense of increased computational times.
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2.2.2.9. Finite difference
In the finite difference method, the PDEs are converted into a set of finite difference
equations. These equations can be solved given the appropriate boundary conditions
and imposing a regular grid over the domain. The approach can be implemented
using the implicit method or explicit method. The implicit method solves a system
of simultaneous linear equations using the backward difference. The method is
always numerically stable and will converge, however, at the expense of being
numerically intensive. The explicit method, proceeding backwards in small intervals
using the appropriate boundary conditions, is numerically stable and convergent
under specified certain step and grid sizes.

The errors of both the explicit and implicit methods are linear over the step and
quadratic of the grid size. Several other formulas and methods exist, including the
Crank-Nicolson method, which is numerically stable and convergent, numerically
intensive, and accurate for small step sizes, the Du Fort-Frankel method, and the
Laasonen method.

There are benefits to both the finite element and finite difference methods. The
finite element method is better able to handle complex geometries, i.e., complex
surfaces of structures, because the mesh is flexible. Finite difference relies on a
rectangular grid, resulting in a less accurate approximation of surfaces that have a
curved shape. Finite difference tends to be easier to implement than finite element.
Although not always the case, the finite element approach tends to be more accurate
than the finite difference method, largely due to the improved quality of the
approximations between the grid points.

3. Applications

This section reviews RT applications where geometric changes are most prominent.
The applications are organized according to location in the body — cancer of the
head and neck, the lung, the liver, and the prostate. Each subsection provides a
basic account of important issues specific to EBRT published evidence of geometric
change, and potential and published applications of mono- and multi-modal image
registration.

3.1. Head and Neck

The importance of deformable registration in radiotherapy treatment planning,
delivery, and response assessment for the head and neck has been recently identified.
Investigational studies show that the tumor and surrounding normal tissue change in
shape and volume over the course of a standard fractionated treatment. In addition,
the integration of MR and PET into the CT-based treatment planning process
requires careful registration, including deformable registration when changes in neck
flexion are present between scans, due to differences in patient position.
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Treatment of the carcinoma in the head and neck requires highly conformal
fields, in order to spare the many surrounding critical structures, such as the spinal
cord and parotid glands, and image guidance to accurately deliver the treatment to
the tumor.

Conformal treatment plans, i.e., plans that deliver a high dose to the tumor
and have a rapid dose falloff outside of the tumor boundary, require 3D treatment
planning. Although CT is the primary image dataset for radiotherapy, providing
electron density information and a geometrically robust image, multi-modality
imaging can improve the identification, and therefore delineation, of the tumor.
When including multi-modality imaging, such as MRI and PET, registration and
fusion must be performed to allow a correspondence between the secondary image
and the primary image, used for dose calculation. Changes in patient position, due
to neck flexion, and differences in internal anatomy, require deformable registration
for integration of multi-modality imaging for treatment planning.

Characterization and validation of registration algorithms has been identified
as an important area of research, whether using a rigid or deformable registration
algorithm.25,26 Phantom studies provide a robust method of quantifying the
registration accuracy of rigid registration, however, are a simplification of the
images obtained under clinical conditions, which include artifacts and deformations.
Qualitative validation of deformable registration has been performed by applying
the deformation map to the contours generated on the reference image to map
them to the secondary image. These auto-contours are then compared to manual
contours on the secondary image. Contour variation is also a factor in this method
of evaluation and it does not ensure the accuracy of the deformation of the internal
structure of the contoured structure.

The benefit of multi-modality imaging to improve variability of target definition
by different observers (inter-observer variability) has also been investigated. Results
have been mixed, with some indicating improved consistency, while others show no
improvement, depending on anatomical site and type of multi-modality imaging.
It is important, however, to ensure that the images are properly registered before
comparing volumes, which may often require deformable registration.

Changes in tumor and normal tissue shape and volume have been observed over
the multi-fraction course of treatment for cancers in the head and neck.27 The gross
tumor volume had a median relative loss of 69.5% over the course of treatment and a
median center of mass displacement of 3.3mm. The parotid glands, a radiosensitive
normal tissue, saw a median decrease in volume of 0.19 cc/day and a median medial
shift of 3.1mm. These anatomical changes can result in a deviation of the delivered
dose from the planned dose, resulting in a potential increase in dose to normal
tissue and a decrease in dose to the tumor. These deviations may result in an
unacceptable plan, either exceeding the normal tissue dose limitations or delivering
a dose that it lower than the dose expected to lead to local tumor control for the
tumor. Adapting the treatment plan during the course of treatment to account
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for these changes has been the subject of recent research, which relies on accurate
deformable registration. Deformable registration allows the anatomical structures,
as defined on the mid-treatment images, to be mapped back to the planning image.
This allows an accurate accumulation of delivered dose to be generated. Once the
accurate accumulated dose is generated, a new optimized plan can be created to
maintain the initial planning goals for the tumor and the normal tissue.

The advancement of volumetric imagining in the treatment room, using in-room
CT, kV cone-beam CT (kVCBCT), MV cone-beam CT (MVCBCT) and MV CT
imaging (MVCT), has provided the imaging data needed to perform ART. Lu et al.
investigated the application of deformable registration using a fast intensity-based
free-form deformable registration technique to correlate MVCT images acquired
at the time of treatment with a kVCT image obtained for treatment planning
for five head and neck patients.28 Prior to deformable registration, the MVCT
images were smoothed using an edge-preserving smoothing function. The free-form
deformable registration produced a deformation map between the reference and
test (MVCT) images. This same deformation map was used to accumulate the
dose by calculating the dose on the MVCT and then using the deformation map
to relate this dose back to the kVCT, which is used as the reference frame. This
dose accumulation was performed for each fraction, as an MVCT was obtained at
each fraction to provide the deformation map. The accuracy was assessed by using
the deformation map to automatically recontour the MVCT using the contours
generated on the kVCBCT. The correlation between the automatic contours and
the physician generated contours, on the MVCT, provided a metric for qualitative
evaluation of the deformable registration accuracy. The dose accumulation indicated
that without replanning to account for anatomical changes, the dose to both parotid
glands increased due to weight loss.

Wang et al. also investigated the role of deformable registration to facilitate
adaptive planning for the head and neck using an accelerated “demons” algorithm
and an in-room CT scanner.29 The accelerated demons algorithm includes an active
force based on the gradient information of the moving image. Qualitative evaluation
of the registration was performed by using the deformation map to automatically
segment the anatomical structures in the in-room CT images, similar to the study
previously described. The ability to automatically contour subsequent images of th
e same patient is a substantial time savings in the radiotherapy environment and
makes adaptive planning clinically feasible. CT to MR.

Sharpe et al. investigated the benefit of ART for head and neck cancer using
linear elastic body deformable registration, based on surface mesh propagation and
weekly MR images registered to a planning kVCT image.30 The study investigated
the benefits of an offline adaptive planning technique, which generated a new
treatment plan each week over the course of radiotherapy, in the limit of reducing
PTV margins. The study showed that setup uncertainties and anatomic changes
produced significant dose variation over the course of treatment when the original
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treatment plan was delivered over the entire course of radiotherapy. Although the
tumor dose was maintained with an adequate PTV margin, the dose to the normal
tissues increased, including a dose increase to the parotid glands of up to 30%
more than the initial treatment plan and spinal cord dose of up to 10% higher.
Performing weekly adaptive planning, tumor coverage could be achieved with no
PTV margin, which permitted reduced cord and mean parotid gland dose of 5%
and 12%, respectively.

3.2. Thorax and upper abdomen

The need for deformable registration in the thorax and upper abdomen is widely
accepted and the subject of much research. Breathing motion, stomach filling,
and patient positioning demand careful registration between repeat images of
the same modality and the integration of multi-modality imaging. Respiration
correlated imaging has also improved the ability to quantify and understand the
respiration process and deformable registration between these images can improve
the quantification and accuracy of these assessments.

Conformal radiotherapy, tightly shaping the high dose region around the target,
has improved the application of radiation therapy in the treatment of tumors in the
thorax and upper abdomen, by allowing sparing of normal tissue, which in turn can
facilitate increased dose to the tumor. Precise definition of the tumor and the critical
normal tissues is critical to this process and can be improved through the integration
of multi-modality imaging, e.g., MRI, which provides improved soft tissue contrast,
and PET, which provides functional information. Precise reproducibility of the
patient between imaging sessions is extremely challenging due to changes in the
breath hold position, which is necessary for an artifact free image, stomach filling,
and patient alignment. Deformable registration is often required to reduce the
geometric discrepancies between the images to allow accurate correlation of the
unique imaging information available from each modality.

Mattes et al. have integrated PET with CT images of the thorax using free-form
deformations and mutual information.31 The accuracy of the algorithm was studied
on image sets from 27 patients imaged for lung cancer staging (Fig. 3). Two expert
observers visually assessed the accuracy using a split window. The errors ranged
0–6mm.

Slomka et al. investigated an automated 3D registration of stand alone FDG
whole body PET with CT, which compensates the non-linear deformation due
to the breath hold at which the CT image is obtained, whereas the PET image
is obtained while the patient is free breathing.32 The algorithm uses a mutual
information based cost function of the PET emission and transmission scans to
provide registration to the CT scan. The first step was a linear registration,
allowing for translation, rotation, and an isotropic scaling. A nonlinear step followed,
to account for any remaining differences. The nonlinear registration significantly
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Fig. 3. Illustration of the motion observed in a patient with liver cancer in the exhale (left) and
inhale (right) breathing phase. The overlaid contour delineates the primary liver tumor at exhale.
Images courtesy Radiation Medicine Program, Princess Margaret Hospital.

improved the registration in 10 of the 18 patients. Lung volumes measured on the
transmission PET image after deformable registration closely matched the lung
volume defined on the CT image.

Brock et al. have investigated the use of a finite element model-based deformable
registration algorithm that is driven by the alignment of the surface contours of
selected organs to integrate MR imaging with CT for radiotherapy of the liver.33 The
MR and CT images were obtained at exhale breath hold and a radiation oncologist
contoured the liver and tumor on each image. Quantitative accuracy was calculated
using vessel bifurcations identified on the CT and MR images. The mean residual
error following deformable registration was 0.42 cm, vector magnitude, which is
approximately half of the MR voxel size, 0.73–0.82 cm. The tumor concordance
increased with deformable registration for all cases, the average increase was
28%, although discrepancies still remained between the contours indicating an
inconsistency in the definition of tumor on across the modalities.

In addition to precise definition of the tumor, the expected motion of the tumor
and surrounding normal tissue due to breathing is important in the definition of
the PTV margin. Deformable registration between inhale and exhale breath hold
images, or inhale and exhale images obtained from a respiration correlated, or “4D”
CT can provide this information. 4D CT images are obtained by repeated imaging
the same region of anatomy over a breathing cycle prior to advancing the table,
while obtaining information on the breathing phase at each time of treatment34−38

The images are then retrospectively sorted into breathing phases, typically eight,
including end inhale and end exhale, as well as intermediate breathing states.

The use of deformable registration to provide a detailed deformation map of
the breathing motion from 4D CT scans of the thorax has been the subject of
recent investigation. Keall et al. used a viscous-fluid flow and mean square error
based deformable registration algorithm to generate a deformation map between
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all eight phases of a 4D CT image of the thorax.39 Bifurcations identified on each
phases indicated an accuracy of less than 4mm, which was within one CT slice
thickness. Reitzel et al. used a B-spline free-form deformation model and the sum
of the squared differences between 4D CT images of the lung and liver.40

Both methods can also be used to map the contours of one phase of the 4D CT
scan to all subsequent phases, which can save valuable time in clinical integration.
Zhang et al. used a fast variational-based deformable registration algorithm to
map contours from one phase of the 4D CT image to each subsequent phase.41

The deformation map was also used to generate a motion envelope for the PTV
for treatment planning. Pevsner et al. applied a viscous fluid model of tissue
deformation to achieve deformable registration between 4D CT images.23 Contour
differences between the automatically mapped contours, using the deformation field,
and the manually drawn contours for the GTV had a mean of 2.6mm, the inter-
observer variations in contouring the GTV had a mean of 2.1mm. The mean
discrepancy between predicted and actual bifurcations in the lung was 2.9mm,
inter-observer discrepancies were 2.8mm.

Inhale and exhale breath hold images have also been used to define a defor-
mation map for the thorax and upper abdomen. Brock et al. used a TPS and
MI algorithm to register the inhale breath hold image of the liver to the exhale
breath hold image.42 The accuracy, 1.0–1.4mm in each direction, was determined
via identified bifurcations in the liver. Coselmon et al. also used a TPS and MI
registration algorithm for application in the lung.43 The accuracy, determined from
identified bifurcations in the lung, ranged from 1.7mm in the left-right direction,
to greater than 3mm in the anterior-posterior and superior-inferior directions. Lu
et al. implemented a energy minimization function for breath hold images of the
lung to generate a deformation map due to breathing motion.44 The algorithm
substantially improved the cross correlation of the images. Brock et al. implemented
a finite element model-based deformable registration algorithm for breath hold
image registration for both the lung and liver16 The accuracy ranged from 1.4–
2.0mm in each direction for the liver to 2.2mm in each direction for the lung. Zhang
et al. applied a finite element model based registration algorithm using contact
elements to breath hold images of the lung.14 Qualitative registration showed
good agreement between the predicted (i.e., the deformed inhale image into the
exhale position) and actual exhale images. Rohlfing et al. applied a cubic B-spline
and MI based algorithm to MR images of the liver at various breathing states.45

Quantitative accuracy was determined by comparing the distance to agreement of
the mapped liver surface to the contoured liver surface, mean difference range of
2.5–4.6mm, and the position of the inferior vena cava and hepatic artery, range of
1.7–4.3mm.

Once the deformation map is determined, methods of integration into the
radiotherapy process can be investigated. There are three primary options: (1)
account for the motion in the PTV margin and in the accumulated dose by
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performing deformable dose accumulation, (2) suspending the patients breathing
during the delivery of each beam or only turning the beam on during the correct
phase of breathing and (3) tracking the breathing motion of the patient with the
beam. Option 2, which suspends the patients’ breathing, known as active breath
hold.46,47, or suspends the treatment beam, known as gating.48−51, does not require
a deformation map, and therefore will not be discussed further here.

The application of the deformation field to calculated the true dose delivered in
the presence of motion has been investigated for the liver and the lung. Brock et al.
demonstrated that using an individualized prescription dose for each liver patient
based on the irradiation of the normal liver, the change in prescribed dose when
including deformation compared to the standard method of calculated dose on the
static image only ranged from –4.1 to 1.7Gy.52 This exceeded the treatment fraction
size of 1.5Gy. Rosu et al. investigated the effect of deformation in dose accumulation
in the lung, during free breathing treatment. Dose calculations were performed using
dose planning method (DPM) Monte Carlo code on six patients using the inhale and
exhale breath hold images. The mean lung dose was found to not change significantly
when including deformation, as the hot and cold regions are averaged out in the
large volume of lung.53 The inclusion of deformation, however, was found to have a
larger impact for neighboring organs, such as the esophagus. Rietzel et al. showed
the necessity of patient specific PTV margins over standardized PTV margins by
comparing the overlap and under-coverage of standard margins.54 An under-overage
of up to 19% was calculated, depending on standard margin used. This indicates the
possibility of tumor under dosing. Flampouri et al. investigated the true delivered
dose using a B-spline and mean square difference-based deformable registration and
4D CT on six lung cancer patients.55 Investigations into the minimum number
of breathing phases required recreating the dose computed using all 10 phases of
the 4D CT indicated that using three phases had a 3% or greater error in up to
2.5% of the CTV volume, which decreases to 0.5% of the volume when five phases
are used.

Tumor tracking, or 4D RT, involves calculating the deformation field and
then applying this information to the treatment delivery process. As the tumor
is moving and deforming, the multi-leaf collimator, which shapes the beam to the
position and shape of the tumor, is continuously moving to account for this motion
and deformation. This method relies on an updated position of the tumor, either
through an external surrogate or imaging information. Research has investigated
the potential benefits of this technique. Keall et al. have investigated the feasibility
of this approach.39 Initial testing has shown reductions in the dose delivered to
normal tissues, including the cord, heart, and normal lung.

In addition, novel applications of deformable registration are being investigated.
Thorndyke et al. have applied deformable registration to reduce the artifacts in PET
images using a method coined retrospective stacking.56 Respiration sorted images
are combined using a B-spline approach to increase the contrast to noise (CNR) in
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the final image. Phantom results showed a three-fold CNR improvement over gated
images and a five-fold increase over un-gated data. Schreibmann et al. and Sarrut
et al. have applied deformable registration algorithms to generate the intermediate
phases of 4D CT data from inhale and exhale CT data.57,58 This has the potential
to reduce the radiation dose required to collect breathing motion data and reduce
artifacts in the intermediate phases of traditional 4D CT. Xu et al. investigated the
potential for deformable registration to eliminate the need for an external surrogate
in 4D CT acquisition by deforming each 2D image slice to a reference CT image.59

The method also reduces imaging dose and has the potential to increase image
quality through reduction in artifacts.

3.3. Pelvis

The scenarios of relevance for deformable registration in prostate cancer RT include
motion management, dose accumulation, and image fusion of CT, MRI and MRI
using endo-rectal coils (ERC) for improved target definition.

The treatment of prostate cancer with EBRT includes the definition of a target
volume of the prostate and periprostatic tissues. The dose to the anterior rectal wall
and urinary bladder are limited to reduce complications.

The main goal of motion management is to improve treatment by improving
target coverage, reducing treatment toxicity, enabling potential dose escalation.
There are several strategies and aspects of motion management in EBRT,
including patient positioning and immobilization, PTV treatment margin design,
quantification and minimization of target organ motion, visualization of target organ
position during treatment.

More recently, deformable registration is investigated for the simulation and
quantification of dose in deforming geometry, and the design of treatment schemes
that adapt to the deforming geometry during the course of therapy. In order to
estimate the dose that each volume element actually received over the course of
therapy, it is necessary to track the trajectory of each volume element from one
image to the next. This is again a classical correspondence problem approached by
image registration techniques.

3.3.1. Measurement of organ motion

Prostate motion has been differentiated into inter-fraction (day-to-day), intra-
fraction (observed during daily treatment), and respiratory (as a special case of
intra-fraction) motion. The range of reported prostate motion varies highly among
studies, depending on population size, method of measurement (prostate surface,
prostate center-of-gravity, implanted fiducial markers; CT, US, MRI), and time
between measurements. The type of patient positioning (prone vs. supine) and
immobilization (full vs. empty bladder and rectum) also has a substantial impact
on motion.
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Prostate motion has been characterized using various surrogates and definitions:
Estimating mean or center-of-gravity (COG) displacement of seed markers
physically implanted in the prostate, imaged using MV projection, kV CBCT
volumetric images, CT or MRI; COG displacement of the contoured prostate
gland in MRI or CT; and contour least-square alignment of contoured prostates.
Markers are more reproducible, but may degrade image quality, are invasive and
do not provide information about normal tissue volume, while purely image-based
techniques do not require seed placement but are affected by the reproducibility of
the (manual) contouring process.

The optimal method and the clinical significance of the difference between the
various measurement techniques are still being debated. Current practice is to re-
position the couch based on manual rigid alignment of planning CT and on-line
measurement, using fiducials or bony anatomy imaged with MV projections, kV
CBCT or US imaging.

A vast amount of studies on prostate motion (i.e., translation and rotation)
have been reported.60,61 The main origins of organ motion are pressure from bowel,
gas, feces, and urine in the urinary bladder.

Generally, the largest shifts were found from day-to-day, and found to be
greatest at the gland base. Largest inter-fraction motion was observed in the
AP and SI directions (3-7mm mean, 1.5–4.1mm SD for AP, 1.7–4.5mm for SI),
and least in lateral direction (0.7–1.9mm). Maximum displacements of prostate
centre-of-mass have been reported between 7 and 12mm (data reviewed in Byrne
et al.).61 Ghilezan et al. reported rectal filling to be the most significant predictor
of prostate displacement; a prostate displacement of <3mm (90%) can be expected
for the 20min after the moment of initial imaging for patients with an empty
rectum.62

Measurements of intra-fraction motion vary substantially across studies, ranging
from 5–10mm for 80% of prostate movement measurements using cine MRI,.63 to
0.01 ± 0.4mm (LR), 0.2 ± 1.3mm (AP), and 0.1 ± 1.0mm using prostate surface
alignment in US.64

Respiratory induced prostate motion in prone position was reported with 0.9–
5.1mm (cranial-caudal) and maximum of 3.5mm (AP) in the prone position,65 and
1mm maximum in all directions in supine positioning.66

Recently, Jaffray et al. evaluated the geometric surface discrepancy remaining
after marker-based alignment due to prostate deformation.67 They concluded that
markers must be recognized as surrogates of prostate motion, and 48% of the
patients had more than 10% of the surface with a discrepancy >3mm after marker-
based alignment.

3.3.2. Application of deformable registration

The main applications of deformable image registration in prostate EBRT include
quantification of prostate and OAR motion, dose accumulation in deforming
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geometry, and multi-modality image fusion. The approaches are discussed along
with their accuracy performance.

3.3.2.1. Quantification of organ motion and dose tracking
Yan et al. investigated the use of a biomechanical model of an elastic body
to quantify patient organ motion.15 They applied a finite element method with
boundary conditions obtained from multiple daily CT measurements to track
volume elements and accumulate dose. The same group reported deformations as
much as 3–5 cm for the bladder.68

Wang et al. applied a fast grey-value based “demons” algorithm to CT of a
physically deformable pelvic phantom, and to CT acquired on several days.69 They
reported 0.5 ± 1.5mm (mean± SD) based on phantom experiments.

Schaly et al. report a clinical prostate case exhibiting significant localized dose
differences due to systematic inter-fraction motion of 23%, 32% and 18% in rectum,
bladder and seminal vesicles.70 They use a TPS method where the corresponding
points are selected by a combination of closest-point search between corresponding
manually drawn contours and a heuristic set of rules.

Lu et al. present a free-form variational method that minimizes SSD between
two images.44 They use calculus of variations to represent the optimization problem
as a set of nonlinear elliptic partial differential equations, which results in an
efficiently solvable linear system of equations.

Foskey et al. use an SSD-based large-deformation diffeomorphism PDE app-
roach to register daily CT imagery of prostate RT patients.71 They address the
problem of missing grey-value correspondence due to daily variations in bowel
filling by automatically identifying and “painting” gas regions to coincide with the
grey value levels of the remaining rectal filling. In addition to dose tracking, they
propose the application of automatic segmentation of secondary images by means
of deformable registration and contour propagation from the primary CT.

3.3.2.2. Image fusion
A prominent application of multi-modality integration is the fusion of MRI to CT.
MRI provides improved soft tissue contrast, enabling improved appreciation of the
true extent of the tumor. The goal is to transfer geometrical information from
the MRI to the CT, which requires compensation of motion occurring between
imaging sessions, and compensation of reduced geometrical accuracy observed
in MRI.

Recently, there have been a number of approaches publish to align high-
resolution MRI (and in some cases MRI/MRSI) using endo-rectal coils (ERC) with
US or CT imagery.72 ERCs introduce anatomical shifts, tilts and deformations,
which need to be compensated when fusing with CT. Kim et al. measured prostate
translation, rotation and deformation using rigid and expandable ERCs. The degree
of geometric change could be reduced using rigid coil to some extent. However,
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remaining distortions were measured in both the rigid and the expandable coil (AP
4.1 ± 3.0mm vs. 1.2 ± 2.2mm; LR 3.8 ± 3.7mm vs. 1.5 ± 3.1mm).

4. Conclusions and Outlook

Several applications of deformable registration exist in the radiotherapy environ-
ment. It has been shown that deformable registration has the potential to improve
current treatment strategies, and with the integration of additional imaging beyond
planning CT, enables the exploration of current existing treatment shortcomings
and the extension of the application range of RT.

Currently, the application of deformable registration exists mainly in re-
trospective research studies. The introduction of deformable registration for target
delineation, treatment planning, and treatment delivery will require a paradigm shift
for radiation oncologists, which in turn requires careful clinical implementation in
addition to ensuring quality assurance.

A large variety of registration techniques have been developed and applied
to clinical applications specific to radiation therapy. The extent of quantitative
validation varies substantially between studies, which makes it currently difficult to
judge as to which approach performs optimally. Registration accuracy of the liver
and prostate tends to be on the order of 1.5mm, where accuracy of the lung tends
to be larger, likely due to the increased complexity in motion and deformation.
Initiatives towards benchmarking of approaches based on the same image data sets
using the same metrics are under way.

Another important aspect of clinical implementation is computation time.
While some approaches already compute results within a minute, several
deformable registration techniques require efficiency improvements without sub-
stantially compromising accuracy.

Advances in imaging for radiotherapy, prior to, during, and following the
completion of treatment will create a further demand for deformable registration as
information on anatomical changes are revealed, e.g., in treatment of the cervix and
sarcoma. This will require that deformable registration algorithms are expandable
and able to adapt to changes in the information presented and the requirements for
accuracy.
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