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7.1 Demons Approach and Variations
7.1.1 Principles of the Demons Algorithm
Probably one of the most popular methods for deformable image
registration (DIR) is the so-called “Demons” method, initially
proposed by Thirion (1996, 1998). DIR between images I1 and
I2 can be considered as the minimization of an energy function,
representing a tradeoff between image similarity and deformation regularity. In the Demons algorithm, similarity and regularity are optimized in consecutive but independent operations.
The algorithm consists of an iterative procedure composed of
two steps. The first step aims at defining an active force at each
voxel. This force is directed in the opposite direction of the image
gradient, with a magnitude proportional to the gray-level difference between the two images. The second step is a Gaussian
smoothing of the resulting vector field. This two-step procedure
is iterated until convergence.
We define u(x) as the displacement of a point at location
x, and φ(x) = x + u(x) as the related transformation. In the
Demons method, dissimilarity (D) between images is measured
using the sum of squared differences (SSD), DSSD ( I1 , I 2 , φ) =
( I1 ( x ) − I 2 (φ( x )))2, computed over the overlapping image

∑

x ∈Ω

domain Ω. The minimization is typically performed by steepest

gradient descent, and the local gradient (i.e., gradient in each
point) of the SSD has to be computed.
Pennec et al. (1999) proposed an expression, denoted by ∇DSSD,
which allows limiting the local displacement at each iteration
using an additional parameter α (see Equation 7.1). u(x) denotes
the displacement at point x and ∇I1(x) denotes the gradient of
image I1 at point x. This criterion was shown to be an approximation of a second-order gradient descent of the SSD (Pennec et
al. 1999; Cachier and Ayache 2004). For small displacements, as
is the case at each iteration, it is equivalent to expressing ∇DSSD
according to the gradient of image I1 or of the transformed image
I2 (by inverting the transformation). It is, however, simpler and
faster to use ∇I1 because it does not require the computation of
∇I2 at each iteration (Lu et al. 2004):
∇DSSD ( x , u ) =

I1 ( x ) − I 2 ( x + u( x ))

2

∇I1 ( x ) + α 2 ( I1 ( x ) − I 2 ( x + u( x )))2

∇I1 ( x ).

(7.1)

In the originally proposed algorithm (Thirion 1998), a
Gaussian convolution is used as a regularization filter: for one
given voxel at location x, the local iterative update schemes as
proposed in Cachier and Ayache (2004) is expressed in Equation
7.2. It consists of the application of a 3D Gaussian filter to the
three components of the vector field, resulting in a smoother field:
95
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ui+1(x) = Gσ(∇DSSD (x, ui) ∘ ui(x)).
Gσ ( x ) =

1
2πσ

e

−

(7.2)

x2
2σ2

.

(7.3)

ui denotes the displacement field at iteration i, Gσ(.) denotes
a Gaussian kernel of variance σ > 0 (large σ values result in a
smoother vector field), and ◦ is the composition operator. The
Gaussian operator has the advantage of being both isotropic
and separable. Hence, it can be applied independently in each
dimension, for example, using the fast recursive filter as proposed by Deriche (1993). Thirion (1998) related the Gaussian
filtering to the diffusion of heat in homogeneous material by
analogy with the Maxwell ’s demons. Bro-Nielsen and Gramkow
(1996) showed that such Gaussian filtering may be considered as
an approximation of the linear elastic filter used in the viscousfluid modeling.
Vercauteren (2008) noted that, in several implementations,
including the one in the popular ITK (http://www.itk.org) framework, the composition operator in Equation 7.2 is replaced with
an addition, ui+1(x) = Gσ(ui(x) + ∇DSSD(x,ui)). Such a scheme can
be considered as a rough first-order approximation of the composition scheme and could lead to slower convergence. However,
using the full composition rule requires an additional warping
step to compose the current field ui with the update field.
In Equation 7.1, displacements are limited to 1/(2α) for each
iteration, but each iteration starts from the previous result and
it can thus lead to large estimated displacements. In practice,
α is typically set to 1.0 (voxel), the standard deviation of the
Gaussian regularization operator G is commonly set to σ = 1.0
(Sarrut et al. 2006a), and these parameter values are not very
critical. The stopping criteria of this iterative process are not
easy to define. The maximal number of iterations depends on
the application and can go up to 1000 iterations for large deformations. Other stopping criteria can be defined, such as stopping when the displacement field does not evolve more than a
given threshold, but they should be examined for each application separately.
7.1.1.1 Some Practical Considerations
In practice, some preprocessing is applied to the initial images
I1 and I2. Because the computation time is proportional to the
number of voxels considered, the images are generally cropped
to discard nonrelevant voxels (such as the air surrounding
patient), or the processing is limited to a mask identifying
the region for which motion estimation should be performed.
Moreover, although not explicitly required for the procedure,
images are often subsampled to isotropic voxels of larger size,
the new size representing a compromise between computation
time and accuracy. Voxel sizes of up to 2 × 2 × 2 mm3 are not
uncommon. In addition, a multiresolution minimization strategy can be employed during which the estimation is progressively refined using smaller voxel sizes. This can provide shorter
execution times, improve robustness, and result in a smoother
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deformation vector field. It should be noted that the Demons
criterion from Equation 7.1 involves evaluating the image intensities at nongrid positions [i.e., I2(x + u(x))], thus requiring interpolation. Linear interpolation is generally considered as a good
compromise between speed and precision, whereas fast nearest
neighbor interpolation may be sufficient in some cases. Cubic
B-spline interpolation will result in a considerably slower algorithm but tends to lead to higher accuracies.
7.1.1.2 Implementation and Graphics
Processing Units Acceleration
The implementation of a DIR method is an important step, and
it has been reported that different implementations of the same
method can lead to strongly differing results and performance.
This was highlighted in a multi-institutional study (Brock and
Deformable Registration Accuracy Consortium 2010) evaluating various DIR algorithms and included multiple implementations of the same method. An important well-known resource of
open-source implementations is the Insight Toolkit ITK (http://
www.itk.org), in which numerous types of DIR are grouped.
Such open-source repositories have shown to be very important
in the scientific community because it allows researchers to easily share their proposition and compare it with other approaches.
DIR remains a computationally intensive process, and several
efforts have been made to reduce the computation time through
adapted hardware. In particular, graphics processing units
(GPU), which are dedicated processors for graphics rendering,
have been shown to be very efficient in some image processing
computations. Several groups (Sharp et al. 2007; Noe et al. 2008;
Gu et al. 2010) proposed GPU versions of DIR algorithms that
are 20 to 70 times faster in comparison with CPU implementations executed on a single core. Depending on the image sizes,
the number of iterations, or, more generally, the considered
application, this can lead to entire registration procedures that
complete within a few minutes or even seconds.

7.1.2 Variants of the Demons Algorithm
7.1.2.1 Specifics for Thoracic Computed
Tomography Images
The deformation forces used in the Demons algorithm are closely
related to the SSD similarity measure, limiting the method to
images of the same modality. However, even with monomodal
images, the intensity conservation assumption may not always
be valid. In particular, for computed tomography (CT) images
of the thorax, when registering inspiration images with expiration images, the assumption is only globally valid for volume
elements outside the lungs. The assumption is violated inside
the lung where the quantity of inspired air leads to a decrease in
lung density and effectively modifies the Hounsfield unit (HU)
values. The density decrease is known to be distributed in the
whole lung volume (Milic-Emili et al. 1996), although it tends
to be more important in the lower parts of the lungs than in the
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upper parts (Monfraix et al. 2005). Indeed, regionally specific
thoracopulmonary compliance was found to increase with the
lung distance from the lung apex.
Several authors attempted to take this phenomenon into
account. In Sarrut et al. (2006a), the authors proposed a simple
“a priori” lung density modification consisting of modulating
the lung densities in one image according to the densities in the
other to make them comparable. Castillo et al. (2009a) introduced a compressible combined local global (CCLG) method
for registration of lung tissue that accounts for the compressible nature of media in an optical flow framework. Similarly,
although applied to parametric registration using cubic
B-splines, Yin et al. (2009) proposed a new similarity criterion,
the sum of squared tissue volume difference (SSTVD), which
takes into account the effect of dilation or contraction. Other
multimodal similarity measures, such as mutual information or
correlation ratio, can also be used in such a way.
7.1.2.2 Symmetric Forces Demons
In the original version, the Demons algorithm uses gradient
information from a single image to compute the force field at
each iteration. Wang et al. (2005c) proposed to add a “symmetric
force” by introducing a force field uS symmetric to the one in
Equation 7.1 but using the image gradient of the moving image I2
instead of the one of the reference image I1 (Equation 7.4).
sym
∇DSSD
(x , u S ) = −

I 2 ( x ) − I1 ( x + u S ( x ))

2

∇I 2 ( x ) + α ( I 2 ( x ) − I1 ( x + u ( x )))
2

		

S

2

∇I 2 ( x ).
(7.4)

The two force fields u and u S are combined in a single field.
The method requires that the active term u S is updated at each
iteration, but the algorithm converges faster, requiring less
iterations in total. An improvement of 40% speed is achieved
together with an improved matching in the presence of large
deformations. An open-source implementation is available in
the ITK framework.
7.1.2.3 Inverse Consistent Demons
Yang et al. (2008) proposed another modification enforcing
inverse consistency in the Demons method. In this version,
the two images are symmetrically deformed toward each other
until both deformed images are matched. This principle is called
“consistent” because it implicitly ensures that the inverse deformation field exists. The computation time is typically higher
than for the conventional Demons but lower than the symmetric forces Demons. Convergence speed and accuracy seem to be
improved by this version.
7.1.2.4 Diffeomorphic Demons
Vercauteren et al. (2009) extended the Demons method to constrain the deformation to a diffeomorphism, which is a one-toone, smooth, and continuous mapping with derivatives that
are invertible. Such a deformation maintains the topology and
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guarantees that connected regions of an image remain connected (Christensen and Johnson 2001). This approach leads
to similar results in terms of accuracy as the ones given by the
initial approach, but with a smoother transformation. Again,
an open-source implementation is given in the ITK framework
(Dru and Vercauteren 2009; Zhao and Johnson 2009 for using
it in combination with a mask). More details on the Demons
method can be found in Vercauteren et al. (2007).

7.2 Diffusion-Like Approaches
As stated before, DIR can be considered as a search for a spatial transformation φ(x) = x + u(x) that minimizes a given
criteria or energy composed of two terms: a dissimilarity measure quantifying differences between the two images given the
current transformation, and a regularization term penalizing
spatial transformations that are unlikely to correspond to the
underlying sought physical deformation. Such a minimization
is expressed in Equations 7.5 and 7.6, where D(φ) is the dissimilarity function, R(φ) is the regularization function, and H is the
space of admissible transformation functions:
ϕˆ = arg min F ( I1 , I 2 , ϕ )

(7.5)

F(I1, I2, φ) = D(I1, I2, φ) + R(φ).

(7.6)

ϕ∈H

D corresponds to (the opposite of) a similarity measure that
quantifies the match of the two images given the current φ. Wellknown measures are described in Chapter 4. Generally, R is
defined as a measure of the spatial variation of φ. Deformations
that are too varying from one voxel to the other, or that exhibit
other undesired properties, are penalized.
To solve the minimization problem, Euler–Lagrange differential equations can be used. This is analogous to finding the
function φ for which the gradient of F is zero, ∇F = 0. Generally,
this cannot be solved directly and an iterative gradient descent
strategy can be used. Given an initial estimate φ 0, at each iteration i, a new transformation φi is updated according to the function gradient φi+1 = φi − ε∇F(I1,I2,φi) = φi − ε (∇D(I1,I2,φi) +
∇R(φi)), with ε a parameter controlling the descent speed. One
of the main steps consists of obtaining computationally tractable
expressions for ∇R and ∇D.
R, which is often intended to penalize a nonsmooth transformation, generally involves first and/or second derivatives of
the deformation field φ (Cachier and Ayache 2004; HermosilloValadez 2002), aggregated over the whole range of voxels. The
gradient ∇R thus involves local derivatives of φ.

7.2.1 Linear Elastic Regularization
Even if it is not, strictly speaking, a variant of the Demons algorithm, the same two-step iterative approach (alternate force field
estimation and regularization) can be used with the same kind
of D function (DSSD) and other kinds of regularization, leading
to a diffusion-like approach. Hence, whereas Gaussian filtering
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operates independently on each coordinate of the displacement
field, a linear elastic filtering can be used instead, allowing
“cross-effects.” Such effects appear when deforming an object,
for example, in horizontal direction, leads to a vertical stretching. Using such a linear elastic filter in this scheme comes down
to using the update scheme given in Equation 7.7 instead of
Equation 7.2:
ui+1 (x) = ui(x)+ ε(γ∇DSSD(x, ui) + (1 − γ)∇R LE(x, ui)), (7.7)
∇R LE(x, u) = (λ + μ)∇(∇u(x)) + μΔu(x).

(7.8)

R LE(.) denotes the linear elastic regularization operator, γ
denotes the tradeoff between image similarity and regularization, and ε > 0 denotes the gradient descent step. Large γ values increase the weight of image similarity, whereas low values
increase the weight of regularization (γ ∈ [0:1]). Large ε values
could decrease the number of iterations required to converge
but also increases the possibility to get trapped in local minima. The gradient of linear elastic regularization is expressed
in Equation 7.8; λ and μ are the Lamé parameters (μ is sometimes named the “shear modulus”), ∇A is the gradient of A (the
matrix of first-order derivative), ∇.A or div A is the divergence
of A (trace of the gradient), and ΔA is the Laplacian of A (sum
of all unmixed partial derivatives). The λ and μ parameters
can be expressed by the Young’s modulus E and the Poisson’s
ratio ν:
λ=

νE
E
, µ=
(1 + ν)(1 − 2 ν)
2(1 + ν)

(7.9)

Chefd’Hotel et al. (2001) proposed to use a single parameter
1
ξ, with ∇R LE(x,u) = (1 − ξ)∇(∇∙u(x)) + ξΔu(x), with < ξ ≤ 1
2
denoting the tradeoff between the Laplacian and the gradient of
divergence. Low values of ξ are related to the lateral contraction
due to longitudinal extension.
In practice, differential operators of the linear elastic regularization model can be approximated with a first-order Taylor
expression (Hermosillo et al. 2002) and thus computed by
finite differences. The resulting operators are listed explicitly in
Appendix 7.A.

7.2.2 Anisotropic and Adaptive Diffusion
Alvarez et al. (2000) and Nagel and Enkelmann (1986) proposed to preserve motion discontinuities by using nonisotropic
smoothing in an optical flow method. Areas in the image with
high gradient magnitudes are considered more susceptible to
present deformation discontinuities and are thus less smoothed.
This is achieved by the operator given in Equations 7.10 and 7.11
(for 3D images), where div is the divergence and Ix, Iy, and Iz are
the components of the gradient of I. The corresponding finite
difference operators (Alvarez et al. 2000; Hermosillo et al. 2002)
are given in Appendix 7.A.
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(
(
(


div T Iγ ∇ui ,1

∇RNE ( x , u ) =  div T γI ∇ui ,2

 div T γ ∇u
I
i ,3

 I2 + I2 + γ
 y z
1
 −Ix I y
T γI =
2 I x2 + I y2 + I z2 + 3γ 
 − I x I z

(

)

)
)
)








−Ix I y
I x2 + I z2 + γ
− I y Iz

		

(7.10)



− I y Iz 

I x2 + I y2 + γ 
− Ix Iz

(7.11)

The parameter γ acts as a threshold: in homogeneous regions,
when the image gradient is low, |∇I|2 ≪ γ, the filter acts as an
isotropic filter, whereas in areas with a high gradient, the deformation field is less regularized in the gradient direction.
Following the same principle, Cahill et al. (2009) proposed
an image-driven, locally adaptive curvature regularizer that
can be adapted to the Demons algorithm. Schmidt-Richberg et
al. (2009) included an anisotropic regularizer to allow sliding
along a precomputed segmentation. The regularizer is designed
to allow deformation discontinuities in the tangential direction
of the object boundaries (defined by the segmentation), while
maintaining smoothing in the normal direction, thus avoiding
gaps in the deformation field. More regularization filters can
be used instead of the original Gaussian filtering proposed in
the demons algorithm, an overview of which can be found in
Cachier and Ayache (2004).

7.3 Viscous Fluid Modeling
One of the main issues with DIR is to define suitable sets of
admissible transformation models, allowing one to represent
the desired physiologic deformation. We previously showed that
deformation fields could be a constraint with models based on
continuum mechanics, particularly by considering the deforming material as linear elastic (Bajscy and Kovacic 1989). Strictly
speaking, however, the equations derived are only valid for
small deformations. An approach that can potentially circumvent this limitation is to consider material acting like a viscous
fluid (Christensen et al. 1994; Bro-Nielsen and Gramkow 1996).
In this approach, the transformation itself is not regularized, but
its “evolution” is constrained to be smooth. Viscous fluid DIR is
based on using the linear elastic constraint on the velocity field
rather than on the deformation field. Hence, the partial differential equation (PDE) of the regularization function R for a viscous
fluid model is similar to the linear elastic model but acts on the
velocity field v (see Equation 7.14), where R LE is the elastic energy
of the deformation and E is the Green-St. Venant strain tensor
(Equation (7.13)):
RLE (u ) =

1
( trE )2 + µ trE 2
λ

(7.12)
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1
E = (∇u + ∇uT )
2

(7.13)

∇R fluid(u) = ∇R LE(v) = (λ + μ) ∇(∇ ⋅ v(x)) + μΔv(x) (7.14)
Using finite differences of the time derivative, we get the following rule for updating the deformation field from the velocity
field at time (iteration) i: ui+1(x) = ui(x) + ∇φi(x)vi(x). To solve the
PDE, Bro-Nielsen and Gramkow (1996) performed Euler integration over time using finite differences and derived a convolution filter allowing faster performance than previous approaches
(Christensen et al. 1994). The Demons method has been shown
to be an approximation of such a viscous fluid modeling.
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It should be noted that several studies have shown that the
deformation of prostate and seminal vesicles during the course
of radiotherapy is small relative to organ motion (Deurloo et al.
2005; Kupelian et al. 2005). Hence, some authors suggest that
“local” (on a user-defined region of interest) rigid registration
can be sufficient (Smitsmans et al. 2004) even if significant
deformation can occur in some cases (Kupelian et al. 2005).

7.4.2 Examples for the Lungs

DIR is potentially useful for many applications related to radiation therapy, and we will list some examples of the use of nonparametric approaches. It should be noted that nonparametric
approaches represent only a fraction of all different DIR types
of algorithms proposed in this field. In particular, we do not
describe parametric methods such as the popular B-spline–
based approaches nor feature-based or hybrid methods relying
on landmarks or segmentations.
One of the main interests of DIR in radiation therapy is
related to the fraction-to-fraction variations in patient anatomy
and setup. Such variations lead to dosimetric uncertainties,
potentially leading to underdosage of the tumor and/or overdosage of healthy tissue. Due to this organ motion and to several other reasons, the delivered dose might not be identical to
the predicted dose. Adaptive radiation therapy (ART) (Yan et
al. 1997, 2005; Langen and Jones 2001) was developed to reduce
these uncertainties. It relies on information obtained frequently
over the course of treatment to make mid-course adjustments
in the treatment plan that remains to be delivered. Reducing
uncertainties would allow the reduction of margins, allowing
the possibility of safe dose escalation and hopefully improvement in the treatment outcome. However, determining an ART
strategy is a complex and time-consuming process. DIR can be
used to (semi)automatically quantify image-to-image variations
and represents a key enabling tool in image-guided ART.

Although the previous examples deal with interfraction motion,
numerous studies applied DIR to deal also with intrafraction
motion. In particular, registration of thoracic CT images to
account for respiratory-induced motion has been studied extensively. Most authors (Fan et al. 2001; Li et al. 2003; Weruaga et al.
2003; Guerrero et al. 2004; Kaus et al. 2004; Lu et al. 2004) used
SSD as dissimilarity measure and neglected the lung density variations due to breathing or proposed ad hoc approaches (Sarrut
et al. 2006a; Yin et al. 2009). Sundaram and Gee (2005) used
normalized cross-correlation on 2D magnetic resonance imaging (MRI) slices. Coselmon et al. (2004) used mutual information on lung images. Weruaga et al. (2003) computed a similarity
measure that was a combination of cross-correlation and SSD.
Keall et al. (2005) used a viscous fluid intensity-based approach
(Christensen and Johnson 2001; Christensen et al. 2001) to map
the transformation between a reference CT image (peak-inhale)
to any other CT image in the 4D data set. The resulting deformation vector field allows the contours defined on one image to be
automatically transferred to other phases images (eight images
in total), thus allowing one to draw 4D contours. The previously
described method from Lu et al. (2004) was also applied with
thoracic images. Castillo et al. (2009a) tested their compressible
optical flow method with thoracic images. Guerrero et al. (2005)
described a method of quantifying regional lung ventilation to
develop functional images for treatment planning and optimization. A diffusion-based DIR method (Guerrero et al. 2004) was
used to obtain voxel correspondences, and local volume change
due to inspiration was computed from the change in HU between
corresponding voxels. Inversely, Sarrut et al. (2006a) generated
intermediate voxel densities by taking into account the air volume change, for simulating a 4D image from two exhale–inhale
breath-hold CT images.

7.4.1 Examples for the Prostate

7.4.3 Other Examples

Wang et al. (2005b) used a symmetric Demons approach to register prostate motion between two CT images acquired on different days to aid dose tracking, with an accuracy approximately
1 mm. Lu et al. (2004) proposed a nonparametric DIR method
and applied it on daily CT images of prostate cancer patients.
They also used an SSD criterion as dissimilarity measure and
a regularization scheme based on the Frobenius’s norm of the
Jacobian, leading to an update scheme corresponding to the
Laplacian operator (which can be viewed as related to the linear
elastic operator R LE with ξ = 1, without the cross-effect member).

Even with positron emission tomography (PET)–CT devices,
functional PET images can be difficult to register with CT when
deformation occurs (due to respiration, change in the position
of the arms, etc.), leading to incorrect lesion volume estimation
(Nehmeh et al. 2002). Shekhar et al. (2005) registered a wholebody functional PET with an anatomic CT to differentiate viable
tumors from benign masses by using an elastic intensity-based
approach with normalized mutual information. In this case,
the transformation was derived from a combination of multiple local rigid body transformations. Another example deals

7.4 Some Applications in
Radiation Therapy
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with interpatient DIR, mainly for making anatomical atlases
for automated organs segmentation. Li et al. (2003) built a
normative atlas of the human lung from interpatient thoracic
images with the method from Christensen and Johnson (2001).
Bondiau et al. (2005) used a fluid approach to register brain MRI
to another segmented MRI, allowing automatic delineation of
brain structures.

7.5 Detailed Example of DIR
for Radiation Therapy
Planning in Lung Cancer

Q1

The goal of this section is to describe the use of the DIR method
for a specific radiation therapy application related to lung cancer
treatment.
Lung cancer. Lung cancer is the most common cause of death
related to cancer for men and women worldwide (see WHO;
Mathers and Loncar 2006). It is also the second most prevalent
cancer after prostate cancer in men and breast cancer in women.

Lung cancer recently surpassed heart disease as the leading
cause of smoking-related mortality. It is considered responsible for approximately 1.3 million deaths annually (in 2007).
Considering all stages, the 5-year patient survival rates remain
poor, approximately 8% in Europe and 14% in the United States.
A distinction is made between small cell lung cancer (SCLC)
and non-small cell lung cancer (NSCLC), the latter representing
approximately 80% of lung cancer, with better survival rates for
early stages. Whenever possible, in practice, for less than 25% of
the cases, surgery is preferred as the primary treatment modality. In the remaining cases or in complement of surgery, chemotherapy and radiation therapy can be used.
DIR for thoracic CT images. In radiation therapy, DIR of CT
images of the thorax has been used extensively for a variety of
tasks (Kessler 2006; Sarrut et al. 2006b), including automatic
contour propagation (Keall et al. 2005; Rietzel et al. 2005; Boldea
et al. 2006; Lu et al. 2006), 4D treatment planning (Keall 2004),
dose deformation (as in Zhang et al. 2004), or combination of
dose distributions (Brock et al. 2003; Rietzel et al. 2005) for lung
or liver, quantification of residual motion in breath-hold CT

Q2

(a)

(b)

FIGURE 7.1 (See color insert.) Top left: Example of lung cancer treatment with stereotactic body radiation therapy contention system and
abdominal compression aiming at reducing motion amplitude. Top right: Coronal slice showing contoured structures representing the tumor
motion (exhale, inhale positions, and ITV). Bottom: Dose distribution obtained from treatment planning system with a 12-field plan.
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Q3

scans (Sarrut et al. 2005), 4D dose estimation (Guerrero et al.
2005), dynamic ventilation imaging (Guerrero et al. 2006), construction of a mid-position reference planning image (Wolthaus
et al. 2008), quantification of motion nonlinearity and hysteresis (Boldea et al. 2008), building respiratory motion models (McClelland et al. 2006), Monte Carlo simulations (Keall
et al. 2004; Paganetti 2004; Wang et al. 2005a), and motion-
compensated cone-beam reconstruction (Rit et al. 2009).
Scope of the example. This example deals with the Demons
method in stereotactic body radiation therapy (SBRT). The goal
was to allow clinicians to define personalized margins according to the specific tumor motion of each patient (Figure 7.1). To
adapt tumor margins according to motion is a difficult task and
is out of the scope of this section. Here, we only describe the first
important task aiming at “quantitatively” evaluating the motion
within the 4D CT image. DIR is intended to be as automated
as possible; however, it remains necessary that experts perform
careful verification. The procedure described in the following
has also been used to evaluate the utility of diaphragmatic compression (Bouilhol et al. 2010).

7.5.1 Step 1: 4D CT Images of the Thorax
Several studies (e.g., Chen et al. 2004) show the impact of
the breathing motion on CT image quality: artifacts can be
0%

10%

0%

observed when interference occurs between the organ motion
and the scanner motion. Such artifacts compromise the reliable identification of tumor position, shape, and volume. To
tackle this problem, several groups have proposed methods to
acquire respiratory-correlated 4D CT scans (Low et al. 2003;
Vedam et al. 2003; Keall 2004; Nehmeh et al. 2004; Pan et al.
2004; Rietzel et al. 2005). Without going into details, the 4D CT
acquisition process essentially consists of the acquisition of CT
data throughout the respiratory cycle. 4D reconstruction relies
on the simultaneous acquisition of a respiratory-correlated surrogate signal, based on which the acquired data are binned into
consecutive respiratory frames. The resulting 4D image is composed of 8 to 10 3D CT images representing different stages of
the respiratory cycle. Here, we consider a 4D CT image of the
thorax and the goal is to quantitatively and (mainly) automatically estimate motion within this data set (Figure 7.2).

7.5.2 Step 2: Image Preprocessing
Sliding motion issue. DIR can be used to estimate the motion
of each frame of the 4D CT data set with respect to a reference
frame. In the case of respiratory motion, the “sliding” of the lung
along the chest wall leads to a discontinuity in the deformation
field. As mentioned, DIR methods typically include a regularization mechanism that favors spatially smooth solutions, which
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FIGURE 7.2 (See color insert.) Example of the 10 phases that compose a 4D CT image. (Reprinted from Cancer Radiothérapie, 15(2), Ayadi, M.,
Bouilhol, G., Imbert, L., Ginestet, C., and Sarrut, D., Scan acquisition parameter optimization for the treatment of moving tumors in radiotherapy,
115–122, Copyright 2010, with permission from Elsevier.)
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(a)

(b)

FIGURE 7.3 Example of an input CT image of the thorax and the corresponding extracted features: the lungs (white), bony anatomy (light gray),
and patient body (dark gray).

renders it difficult to retrieve such discontinuous deformation
fields (Wu et al. 2008; Schmidt-Richberg et al. 2009). Note that
similar sliding can also be observed for other organs (e.g., liver).
The issue of sliding motion in DIR has been addressed in
a number of ways, including specifically designed regularization schemes (Ruan et al. 2008; Chun et al. 2009), tissuedependent filtering (Wolthaus et al. 2008), finite element
modeling (Al-Mayah et al. 2009; Werner et al. 2009b), and
surface-based methods (Berg et al. 2007; Klinder et al. 2008).
Another class of approaches consists of performing DIR separately on different anatomical regions that are assumed to
move similarly (Rietzel and Chen 2006; Siebenthal et al. 2007;
Wu et al. 2008; Werner et al. 2009a; Vandemeulebroucke et
al. 2012). It thus requires the prior segmentation of the input
image. As an example, we describe here a practical method
(Vandemeulebroucke et al. 2012) for automatically dividing
the thorax into regions with homologous, respiratory-induced
motion. The main objective is to obtain an accurate interface
where strong sliding motion occurs and to facilitate subsequent deformable registration.
Motion mask extraction. We divide the thorax into moving
and less moving areas following the division proposed in Rietzel
and Chen (2006). Note that this division relies on geometric and
physiologic considerations rather than on organ boundaries.
The core of the method is based on the level set framework of
Osher and Sethian (1988), which allows incorporating geometric
regularization in the segmentation procedure. The evolution of
the level set is governed by a PDE in which two terms appear: the
first corresponds to a propagation force, favoring an expansion
or a contraction of the evolving contour. The other term corresponds to a local interface smoothing force. The motion mask
is defined with respect to strong anatomical features. These features are incorporated in the algorithm as binary velocity maps
defining two regions within the image: one in which the contour
can evolve freely and one in which the contour is confined to its
current position.
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The velocity maps are obtained from the input image by
extracting features through consecutive thresholding, region
growing, and mathematical morphology. Three areas are segmented: the outer patient body contour, the bony anatomy, and
the lungs (Figure 7.3). For the latter, the lung region is segmented
as described in Hu et al. (2001) and Rikxoort et al. (2009). In
brief, the lungs and airways are identified using region growing
with a threshold obtained automatically by maximizing the separability between the considered regions (Otsu 1979). The trachea and large airways are extracted using explosion-controlled
region growing (Mori et al. 1996) and removed from the result.
An initial small sphere is placed automatically within the
patient body at the upper abdomen. The level-set method
is then used to progressively “inflate” the contour to fill the
thoracic cavity, its evolution being guided by the previously
extracted velocity maps. The obtained segmentation covers the
patient abdomen up until the anterior patient-to-air interface,
the lungs, and the mediastinum. The final mask is illustrated
in Figure 7.4.

7.5.3 Step 3: DIR
In this case, DIR of the 4D data set is performed as a series of
consecutive 3D registrations from one reference frame to the
remaining frames. Note that direct 4D approaches also have
been proposed (Ledesma-Carbayo et al. 2005; Castillo et al.
2010; Vandemeulebroucke et al. 2011), which have the advantage
of allowing temporal regularization of the deformation field.
The Demons method (see Section 7.1.1) can be applied between
each pair of images using the motion masks to modify the input
images before the registration.
Figure 7.5 depicts two slices of the initial thoracic CT images
of the exhale and inhale frames, with the deformation field for
the lungs superimposed on the CT image (exhale frame). The
deformation was computed with the Demons method and a
motion mask between the end-exhale and end-inhale states. It is
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(a)

(b)

(c)

(d)

FIGURE 7.4 Two axial views of the mask: the first one taken halfway the lungs and the second one taken from the most inferior plane of the
image. Right: Anterior and posterior views of a 3D surface rendering of the motion mask. (From Vandemeulebroucke, J. et al., Medical Physics,
39(2), 1006–1015, 2012. With permission of the American Association of Physicists in Medicine.)

Exhale phase CT

Inhale phase CT

FIGURE 7.5 (See color insert.) Top: Initial exhale and inhale CT images to be registered. Red lines help to compare the two coronal slices.
Bottom: Coronal and axial slices with deformation field superimposed. The vector field is only displayed in the lung region.
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FIGURE 7.6 (See color insert.) Green-purple differences before and after registration.

used by medical physicists to design treatment margins personalized to the patient. By moving the mouse pointer on the image,
the operator can instantly obtain the 3D displacement of any
point in the lungs. The field is also used to automatically obtain
contours on each phase or to derive nonisotropic margins to target volume. The vector field is only displayed on the lung region.
Figure 7.6 shows the differences between exhale and inhale
images by overlay of the two images. Such overlays merge the
two images as a function of the HU differences: if there are no
differences, the initial gray level is displayed; if HU is greater in
the first image, color tends to green; if HU is lower in the first
image, the color tends to purple. On the left are the differences
before the registration and on the right are the differences after
the registration, once the inhale image has been warped with the
deformation field using cubic B-spline interpolation.

7.5.4 Step 4: Validation
Once the deformation field has been computed, the last step consists of the validation of the results. Validation of DIR is known
to be a challenging task because there is no standardized means
of evaluating the results of a DIR method. Validation can be performed with synthetic simulated data, by checking consistency of
the deformation field (Jannin et al. 2002a,b; Boldea et al. 2005), or
by using phantom data (Wang et al. 2005c). With real images, the
commonly used approach requires experts to manually define
homologous landmarks in all images to be registered and to compare positions defined by experts to positions obtained with DIR
(Sarrut et al. 2007; Brock and Deformable Registration Accuracy
Consortium 2010). Selecting landmarks is a tedious task and
specific graphical tools have been proposed (Murphy et al. 2008;
Castillo et al. 2009b) to help experts in such a task. These semiautomatic methods help the observers to locate and identify corresponding anatomical features in each of the images.
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The previously mentioned approaches do not allow validation on an individual patient basis in clinical routine. In practice, the application of DIR should therefore be thoroughly
validated each time when applied to a new anatomical site,
a different image modality, etc., during a prior pilot study.
Afterward, for each additional patient processed, partial validation of the DIR result should be performed to reduce the
risk of misregistration. Medical physicists can check the result
of the DIR for the most critical regions by visually inspecting the deformation field using an adapted graphical user
interface. Motion-compensated images, obtained by warping
the 4D data set toward the reference using the found deformation fields, are a fast and simple way of verifying a result.
It is a necessary condition that, for successful registrations,
dynamic visualization of the motion-compensated sequence
should appear still, with the exception of the acquisition noise
present in the images. This procedure, however, does not give
certainty on the quality of the registration, because the compensated images may seem visually acceptable, although the
deformation field does not correspond to a physiologically
admissible deformation.

7.6 Conclusion
Nonparametric DIR has been successfully applied to a variety
of applications in the field of radiation therapy. The introduction of these methods into clinical routine should be done with
caution. Custom-designed algorithms should be derived for the
application at hand and be thoroughly validated for each situation separately. DIR is a fundamental image analysis tool for
radiotherapy and will probably be included into all treatment
planning systems in the near future.
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Appendix 7.A

Linear Elastic Operators through Finite Differences

For a 3D deformation field, the linear elastic regularization given in Equation 7.8 can be developed as in the following equation:
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It thus leads to the kernels given in Equation 7.A.2, which must be applied to the three deformation field components u = {u1,u2,u3}
(Hermosillo et al. 2002):
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