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14.1 BACKGROUND

The quasi-perpetual motion of organs caused by the respiratory cycle is a complicating
factor in many medical contexts. In particular during imaging, for example using Mag-
netic Resonance Imaging (MRI) or Computed Tomography (CT), respiratory motion
is problematic as it is responsible for motion blur in the resulting images. But respiratory
motion is not only problematic during the diagnostic stage, it also complicates surgical
treatment and tumour ablation in the abdomen. There exist three approaches often used
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in these applications: (1) breath holding or high-frequency low tidal ventilation, (2) res-
piratory gating where the patient is only imaged/treated around exhalation or (3) target
tracking with implantable markers such as gold beads or active markers. Common to
these approaches is that they either prolong treatment time or they are of invasive nature,
thereby complicating the procedure.

As cancer is a leading cause of death worldwide, better motion mitigation approaches
are required. Cancer accounted for 13% of all deaths in 2014 [36]. The main types of
lethal cancer are lung, stomach, liver, colon, and breast tumors. All these sites are subject
to respiratory motion, which is a complicating factor for treatment. A well known
and established method for the treatment of non-resectable tumors is radiation therapy,
which uses ionizing radiation to destroy tumor cells. The art of radiation therapy is
to deliver a lethal dose to all cancerous tissue while sparing as much healthy tissue as
possible, in particular organs that are radiation sensitive or for which the consequences
of side effects can be severe. Consequently, accurate target localization and delivery is
one of the main challenges in radiation therapy.

There are a number of different factors contributing to potential inaccuracies in
irradiation. Of these, respiratory motion is one of the main problems in the thorax
and in the abdomen and has been shown to have a large dosimetric impact on con-
ventional radiotherapy [41,13,21]. Besides quasi-periodic respiratory motion, which
includes variation in breathing depth and speed, the organs undergo also other modes
of deformation, called secondary modes [40]. The secondary modes are caused, for ex-
ample, by the cardiac motion, digestive activity, gravity, muscle relaxation, or filling of
the bladder. The quasi-periodic and secondary modes constitute the total organ motion
seen during treatment.

Recent advances in three-dimensional planning and advanced treatment technolo-
gies, such as intensity modulated radiotherapy (IMRT), intensity modulated proton
therapy (IMPT) [19] and high-frequency focused ultrasound (HIFU) [7–9], have
brought about new possibilities in delivering highly conformal dose distributions. The
advantage of highly localized treatment makes these techniques sensitive to organ mo-
tion, which represents a limiting factor for exploiting their full potential [40,27].

Countless works on handling organ motion, more specifically respiratory motion,
have been published in recent years. A comprehensive overview including practi-
cal guidelines can be found in a report of the American Association of Physicists in
Medicine [1,15].

A simple method to avoid respiratory motion is to completely interrupt breathing
while the therapy beam is on [25,23,11,4,16]. In gated treatment the beam is only
turned on during a certain period of the breathing cycle, for example during exhala-
tion [13,24,18,10,12]. Although the aforementioned approaches compensate respiratory
motion to some extent, they require reproducibility of the organ position for the se-
lected breathing phase [40] and prolong the treatment time. More importantly, they
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only compensate for the perpetual respiratory motion and as such are completely obliv-
ious to all other modes of organ motion. Thus they are only accurate in a short window
of a couple of minutes after patient set-up, as was show in [40]. Hence, organ motion
during radiotherapy continues to be a problem [9] and much research effort is being put
into understanding and addressing this issue.

It would be desirable to keep the target and the treatment beam aligned through-
out the entire breathing cycle. This technique is commonly referred to as tracking.
Tracking is very demanding as it requires some prediction of the target motion [35,34,
39]. Although tracking is in principle designed to follow any target motion, it profits
from a possibly regular breathing pattern because this simplifies the required short-time
prediction of the motion trajectory. The high sampling rate and low lag of ultrasound
(US) makes it a very attractive non-ionizing imaging modality to use for tracking of
the target. However, only few tumors are visible under US and it completely fails for
structures inside the lung due the air. Thus, conventional ultrasound imaging alone is
rather limited in its capability as a tumor tracking modality. On the other hand, theo-
retical investigation on the liver, reported in [39], showed that the knowledge about the
position of one or more surrogate 3D points (not the tumor directly) and a statistical
motion model of the organ of interest allows predicting the position of the entire organ
with good spatial precision.

Recently, a theoretical analysis of a yet novel motion mitigation approach has been
proposed in [22]. In this work a so-called self-scanning approach is proposed that does
not try to follow the breathing induced tumor motion but rather uses a fixed treatment
beam and lets the respiratory motion move the tumor through the treatment beam. It
was shown that the approach works surprisingly well for high-frequency focused ultra-
sound (HIFU). As no active following of the tumor is required, the HIFU transducers
could be simplified too, however, at the cost of computationally more complex treat-
ment planning that requires a statistical motion model of the organ.

14.2 4-DIMENSIONAL MR IMAGING

The basis for building statistical respiratory motion models is ground truth motion data.
This motion data ideally has to show the moving organs in free-breathing not only with
good 3-dimensional spatial resolution but also with a sufficiently high temporal frame
rate of a couple of volumes per second. In other words, to build respiratory motion
models, 3-dimensional plus time (3D+t) data is needed, or in short 4-dimensional data.

Today’s imaging methods such as US, CT or MRI have limited ability to fulfill these
criteria, for different reasons. While the required chest volume to capture is too big for
US, there have been approaches proposed to capture 4D CT data [14]. While 4D CT
has adequate spatial as well as temporal resolution, only a limited number of breathing
cycles can be observed due to the involved X-ray exposure to the patient. This lim-
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Figure 14.1 (A) Spatial arrangement of the slices and (B) their acquisition sequence over time.

its the quality and range of suitable data for motion models. MRI on the other hand,
does not expose the patient to any harmful radiation allowing to capture and observe
the organ motion over extended time intervals. It also shows good spatial resolution,
however, this comes at the cost of increased scan time, leading to motion artifacts in
the acquired images. While there exist accelerated 2d and volumetric MRI acquisition
schemes (e.g. UNFOLD [42], SENSE [43], as well as combinations thereof, among
other approaches), they often provide significantly inferior image resolution and signal-
to-noise ratio (SNR). To overcome this trade-off between acquisition speed and image
quality, learning-based methods have been proposed, among them 4D-MRI. While
MRI does not natively provide a high enough spatial resolution and temporal frame
rate required for 4D motion modeling, it is possible to retrospectively sort images of
different planes that were acquired over tens of minutes into coherent 3-dimensional
stacks of different respiratory phases, yielding a 4-dimensional data set with good spa-
tial as well as temporal resolution. This technique is generally known as 4D-MRI [38].
Other 4D-MRI techniques, as well as hybrid ultrasound-MRI based techniques [44]
have been proposed since then, but this chapter describes the original technique pro-
posed in [38].

14.2.1 Acquisition Protocol
In contrast to some of the techniques described in the literature a sagittal slice orienta-
tion is chosen. Reason being that sagittal slicing allows tracking the vascular structures
during complete breathing cycles with minimal out-of-plane motion. Moreover, the
sagittal slice orientation requires the smallest field of view and therefore leads to the
fastest temporal frame rate.
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Figure 14.2 (A) Retrospective matching of the acquired MR images and (B) an example reconstruction
from orthogonal views.

The volume of interest is covered by sagittal slices (Fig. 14.1A), further called data
slices Dp,i with p the position of the sagittal slice and i the acquisition time. The key
concept of the proposed acquisition scheme is to interleave the acquisition of data slices
with a dedicated so-called navigator slice Nj at a fixed spatial position, with j indicating
the acquisition time (Fig. 14.1B). These navigator slices will be used retrospectively to
derive a gating measure that determines the state of the liver on a certain data frame.

14.2.2 Retrospective Stacking
In order to produce sequences of 3D volumes from the acquired 2D images, one has
to find those frames which show the liver in a similar state on different planes, in order
to stack them together. The corresponding data frames can be determined by compar-
ing the embracing navigator frames that were acquired immediately before and after
the respective data frames in the interleaved sequence, see Fig. 14.1B. The underlying
assumption is that two data frames show the same state of the liver if their embrac-
ing navigator frames are sufficiently similar. Since only navigator frames are directly
compared and not the data frames themselves, data frames can be stacked even when
showing the liver at distant positions. Moreover, any difference in amplitude, phase or
the amount of deformation between data and navigator frames can be handled as long as
the state of the liver can be unambiguously defined by the preceding and the subsequent
navigator frames.

To describe the similarity measure for navigator slices in detail, a data frame Dp,i that
was acquired at location p and time i is considered (Fig. 14.2A). Its embracing navigator
frames are Ni−1 and Ni+1. To find a temporally corresponding data frame at a differ-
ent slice position q, the embracing navigator frames (Ni−1,Ni+1) are compared to the
preceding and the subsequent navigator frames (Nj−1,Nj+1) of each acquired candidate
frame Dq,j. Among the many different possible similarity measures, best results were
achieved by quantifying the positions of prominent vascular structures using template
matching, and using these displacements to find similar navigation frames.
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The above 4D-MRI technique allows reconstructing 4D data sets that show detailed
deformations of an organ during free breathing, see Fig. 14.2B for an example. While
variations beyond a regular breathing cycle cannot be observed in 4D CT, they are ad-
dressed specifically with the above method. Irregularities such as drifts and deformations
are recognized and handled by the retrospective image-based sorting method. Lastly, in
contrast to 4D CT, volunteer studies over long acquisition sessions are possible.

14.3 MOTION MODEL BUILDING

In earlier chapters of this book, we have seen various approaches to model the variation
of shapes. In this chapter, we move on to modeling the dynamics of shape changes,
which goes beyond standard shape modeling. The dynamics of an object is defined as
the short term changes in the shape of that object. In the case of face modeling, one
can think of modeling expressions of a facial shape [5,3], which means one is interested
in the changes of a facial shape with respect to a reference or neutral face shape. In our
case, this would correspond to modeling the respiratory motion of abdominal organ
shapes with respect to, say, the corresponding organ shape in exhalation state [37,32].

The mindset is somewhat similar to shape modeling, while a shape model is super-
imposed by a model of shape changes. However, there are some modeling decisions
which have to be taken when modeling shape motion. If the respiratory motion over
a population of organ shapes shall be modeled, there are usually a different amount of
sample shape changes per subject and therefore one has to think about the underlying
distribution and its estimation. Furthermore, the case application may differ from shape
modeling or fitting. Usually, respiratory motion models find application in estimating
and reconstructing the shape changes based on so-called surrogates, which refers to any
signal that allows to infer the shape changes. In our case, surrogates might be model
points which are tracked in ultrasound images, or a position signal of a magnetic tracker
which is mounted on the epigastrium. We will come to such applications in detail later
on.

In the following, we formalize the motion model, where we focus on the application
of respiratory motion estimation of the liver, and where motion data for learning is
captured from 4D-MRI data.

14.3.1 Statistical Shape Model
One distinguishes between the modeling of shape and the modeling of shape motion. In
the shape model, the variation among a population of shapes originating from different
individuals is considered, whereas in the motion model, the shape changes over time
relative to a reference shape is investigated.

For each subject s, there is a finite dimensional reference shape vs ∈ R
3n composed

of n model points. In our setting, the shape vs represents the right liver lobe in the
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exhalation state and is derived from a representative exhalation MR image of s. For the
moment, we assume that the exhalation shapes are in correspondence. Furthermore, the
shapes are assumed to be Gaussian distributed p(vs|vμ,�v) ∼ N (vμ,�v) where

vμ = 1
S

∑
s

vs, �v = 1
S − 1

∑
s

(vS − vμ) ⊗ (vs − vμ) (14.1)

are the maximum likelihood parameter estimates of p(vs|vμ,�v), S is the num-
ber of subjects and ⊗ is the outer-product. Thus, a shape can be parametrized by
vα = vμ + ∑M

i=1 αiψi, where ψi are orthogonal basis vectors of �v weighted by the
model parameters αi and M denotes the number of basis vectors.

14.3.2 Statistical Motion Model
In addition to the shape variation among a population, the relative shape changes over
time is modeled. Since each subject is observed for a different amount of time τ , one
assumes a mixture of Gaussian distributions over the shape changes x ∈R

3n

p(x) =
S∑
s

p(s)p(x|s) =
S∑
s

π sp(x|s), (14.2)

where
∑S

s π s = 1,π s ∈ (0,1),∀s = 1, ...,S. Each component distribution is assumed to
be Gaussian p(xs) ∼ N (xs

μ,�xs) with

xs
μ = 1

τ s

τ s∑
t

xs
t, �xs = 1

τ s − 1

τ s∑
t

(xs
t − xs

μ) ⊗ (xs
t − xs

μ). (14.3)

The first two moments of the mixture p(x) are estimated by

xμ =
S∑
s

π sxs
μ, �x =

S∑
s

π s (�xs + (
xs

μ − xμ

) ⊗ (
xs

μ − xμ

))
, (14.4)

where π s = τ s/
∑S

s τ s is the weighting of the component distribution with respect to
the number of temporal samples per subject (see more details about finding modes
of Gaussian mixtures in [7]). If the number of samples for each subject is equal,
Eqs. (14.2)–(14.4) reduce to the case of a single Gaussian.

The variation of the shape changes is finally parametrized by x = xμ + ∑N
i=1 βiφi,

where φi are N orthogonal basis vectors of �x. With the combination of shape and
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motion model, a shape to a particular time point can be synthesized by

vα
β = vμ +

M∑
i=1

αiψi

︸ ︷︷ ︸
shape model

+xμ +
N∑

i=1

βiφi

︸ ︷︷ ︸
motion model

, (14.5)

where αi and βi are coefficients of the shape and the motion model respectively. Note
that for certain applications, the first term (the shape model) can be replaced by a fixed
shape vs which then merely specifies the topology of the motion model. This simpler
case will be the starting point for the applications later in this chapter, before applications
with shape and motion models are presented.

14.3.3 Inference on Statistical Models
A major application of motion models is the estimation of the present shape change
given some observations. Suppose we are given online ultrasound images depicting parts
of the changing shape of interest. The goal in this setting would be to estimate the
full changing shape given these observed parts based on the already seen shape changes,
i.e. the motion model. This can be tailored to observations which are even independent
of the topology of the model. Suppose that only the position of a magnetic tracker
placed on the epigastrium is given. If the correlation between such a position signal and
the motion model is known, the present shape change can be inferred.

14.3.3.1 Sparse Reconstruction

We have seen how to derive linear models of shape changes assuming the samples
are Gaussian distributed.1 In the following, we will use an important property of the
Gaussian distribution to infer the shape change of a full shape given sparsely observed
changing model points. Before that, we shortly recap Bayes’ theorem for applying it to
Gaussian random variables.

Bayes’ Theorem

The problem of reconstructing shape change from partially observed data can be formu-
lated in a probabilistic way. The goal is to estimate the expected shape change, having
given only parts of it. Consider the two fundamental rules of probability,

sum rule p(X) = ∑
Y p(X,Y ), (14.6)

product rule p(X,Y ) = p(Y |X)p(X), (14.7)

1 Since only the first two moments of the Gaussian mixture distribution are estimated the resulting distri-
bution reduces to a Gaussian distribution.
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where X and Y are two random variables, p(X,Y ) is the joint probability of X and Y
and p(Y |X) is the conditional probability of Y given X . Bayes’ theorem relates the two
conditional probabilities P(X |Y ) and P(Y |X) applying the sum and product rule

p(X |Y ) = p(Y |X)p(X)

p(Y )
. (14.8)

As we treat each displacement xx ∈ x at position x ∈ v as a Gaussian random variable,
the joint distribution p(x) is a multivariate Gaussian distribution. We now partition the
variables xx into two sets where xa are all variables which are observed and xb are the
remaining variables. Since the marginal distributions p(xa) as well as p(xb) are Gaussian
the conditional distribution

p(xb|xa) = p(xa|xb)p(xb)

p(xa)
(14.9)

is again a Gaussian and given in closed form. In Section 14.6, we will elaborate how
Eq. (14.9) can be applied to the problem of reconstruction from partial information.

14.3.3.2 Statistical Model Regression

Let v be an instance of a model according to Eq. (14.5), where the scripts for model
coefficients are dropped for simplicity. The goal in model-based reconstruction is to
obtain an estimation of the complete shape vector v from a vector of partially observed
information r ∈ R

l, l < 3n. Finding the maximum of the posterior distribution p(v|r),
or in other words, the probability of v given the partial information r, is a regression
problem having the statistical model as prior information.

This concept of inferring the shape changes given surrogate data can be drawn
even further to surrogates which are not bound to the topology of the motion model.
Suppose we are given a position signal of a magnetic tracker which is placed on the
epigastrium whose dynamics are naturally correlated to respiration. Let an attribute
vector a ∈ R

d be such a signal at a particular time point. Consider an observed fi-
nite set A = {(a0, β0), ..., (an, βn)} ⊂ R

d × R
N of n pairs of i.i.d. vectors ai and motion

model coefficient vectors βi. Let further assume that there exists a function f :Rd →R
N

which maps the attribute vectors to the coefficient vectors, while we only observe noisy
instances of β such that β ∼ N (f (a), σεI). The derivation of such a function f is a re-
gression problem as well. However, no statistical model is available as prior and therefore
some generic smoothness assumptions are usually taken.

Gaussian Process Regression

Gaussian process regression is a non-linear regression method where such a generic
smoothness prior can be applied. Let f ∈ GP(0,k) be a Gaussian process with the
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covariance function k :Rd ×R
d → R. Assuming a Gaussian likelihood, the posterior dis-

tribution p(f |A) is given in closed form [33] and is again a Gaussian process GP(μA,kA)

with

μA(a) = KT
a,A(KA,A + σεI)−1B, (14.10)

kA(a, a′) = k(a, a′) − KT
a,A(KA,A + σεI)−1Ka′,A, (14.11)

where Ka,A = (k(ai, a))n
i=1 ∈ R

n, KA,A = (k(ai, aj))
n
i,j=1 ∈ R

n×n and B = (β0, . . . , βn)
T ∈

R
n×N . The expectation of an unseen output β∗, given an attribute a∗, yields Eq. (14.10).

14.4 ESTABLISHMENT OF CORRESPONDENCE

Before a population-based statistical model can be built from the 4D-MRI registra-
tion results, correspondence must be established between all subjects. In other words,
a common topology must be defined for the data to be modeled. Let the vector vs(t)
describe the liver of subject s at time t, with points located on the surface as well
as within the liver, obtained from image registration of the 4D-MRI data. This can
be achieved for example using a B-spline based non-rigid registration algorithm [45,
46]. The dependency on s and t hints that a distinction must be made between two
types of correspondence: intra-subject and inter-subject correspondence. Intra-subject cor-
respondence is associated with all time steps t for a single subject, while inter-subject
correspondence concerns the establishment of a common data format, or topology,
among all subjects. The concept of correspondence is closely related to image and sur-
face registration, and the latter is typically used to establish correspondence between
images or shapes. Automatic registration techniques constitute a large area of research
in medical image processing. In fact, automatic registration is of highest importance to
the clinical success of statistical models, with potential time and cost savings both for
building patient-specific models as well as applying population-based models to unseen
subjects. However, fully automatic registration is also a very challenging problem, which
is the reason why many approaches rely on manual or semi-automatic techniques.

14.4.1 Inter-Subject Correspondence
The goal for inter-subject correspondence in motion modeling is to establish mechan-
ical correspondence [37], which means that the correspondence criterion should be
based on how similar points move during respiration. As elaborated in the introduction,
this motion is driven by the diaphragm and guided by the abdominal wall as a “tube”
defining the direction where the organ can move. The process starts at selecting a ref-
erence image at full expiration for each subject, here called exhalation master. Manual
establishment of correspondence amounts to selecting a number of landmarks that cor-
respond according to the correspondence criterion, on the exhalation master of each
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Figure 14.3 (A) Four manually selected landmarks for correspondence on a selected sagittal slice of
the exhalation master: anterior and posterior points of the liver where the diaphragm touches the
abdominal wall, the most superior point adjacent to the diaphragm and the most inferior point. (B)
Manually defined mask. (C) Automatically generated resampling of the liver contour based on mask
and landmarks. (From [29].)

subject. Through further processing of a relatively small number of manually selected
points, a dense set of corresponding surface points can be obtained. A binary mask of
the organ of interest can be incorporated into the process, as depicted in Fig. 14.3. For
volumetric data, this procedure is performed on each slice. This yields a set of surface
points v̌s for each exhalation master.

In a next step, all surface shapes have to be aligned, for example using generalized
procrustes analysis (GPA) [8], and the mean of the aligned points, μ◦, can be used to
define a regular grid of interior points. In GPA, a rigid transformation Ts,Rs is found
for each subject, to move it into a common coordinate system. For each subject s, GPA
finds a translation and rotation matrix according to

arg min
Ts,Rs

n∑
s=1

∥∥TsRsv̌◦
s − μ◦∥∥

2 , (14.12)

to move all samples into a common coordinate system. The “goodness-of-fit” criterion
is usually the l2-norm. The procedure is iterative and repeated until convergence. The
algorithm outline is the following:
1. Arbitrarily choose a reference shape among all shapes.
2. Superimpose all shapes v̌◦

s to current reference shape.
3. Compute the mean shape μ◦ of the current set of superimposed shapes.
4. Compute the l2-norm between the reference and all shapes, set reference to mean

shape μ◦ and continue to step 2.
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Figure 14.4 (A) Mean exhalation shape and three points highlighted. (B, C) Master exhalation shape
of two selected subjects with the same corresponding points highlighted. (D–F) Slice through shape
that shows internal grid points for the above examples.

This interior grid can finally be warped to each v̌◦
s . This way, the mechanical cor-

respondence is transferred from the surface to the inside of the liver, and an exhalation
master shape v̌s with points on the surface as well as in the interior is obtained for each
subject. Fig. 14.4 depicts the final result of such an approach, on the mean shape as well
as on two subjects.

14.4.2 Inter-Subject Correspondence by Registration
The present approach can be refined in a sense that the correspondence among the
individual shapes is established automatically by non-rigid shape registration. As we
have given for each volunteer a manually segmented label map of the liver structure
(cf. Fig. 14.3B) a dense shape v̌s ∈ R

3n can be obtained using standard marching cubes.
Correspondence is established by an iterative group-wise registration of the shapes in
order to reduce a bias of the mean shape v̄ to a specific exhalation master shape v̌:

v̄1 = v̌s=m, v̄i+1 = 1
S

∑
s

v̄i + �vi
s, (14.13)
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where m is randomly chosen and �vi
s is obtained by the Gaussian process registration

method of [20] such that v̄i +�vi
s ≈ v̌s. In the following, by v̌s we refer to the registered

shapes v̄ + �vs, if nothing else is mentioned.
The mean shape v̄ is equidistantly sampled in the inside to add several iterior points

to the topology. With thin-plate-spline interpolation these points can be transferred
to each shape vs. To recap, for each subject we have now an exhalation master shape
v̌s, which is in correspondence with the population mean shape v̄. Having given the
registration results of the 4DMR images, we will see that for each time point a shape vt

s
can be derived.

14.4.3 Intra-Subject Correspondence
Recall that correspondence is linked to both the subjects s and to time t. The latter
means that temporal correspondence must be established along the motion sequence for
each subject. However, given the inter-subject correspondence from the previous sec-
tions, this is now as simple as warping the points of the master shape v̌s to all individual
time steps using the deformation field obtained from the non-rigid registration. Using
this approach, the location of every point in the master shape is known over time. In
other words, dense motion information vs(t) of the liver is obtained for each subject.

The final result of the correspondence step is an exhalation master vector

v̌s = (x̌s,1, y̌s,1, žs,1, . . . x̌s,m, y̌s,m, žs,m)T ∈R
3m (14.14)

for each subject, as well as all nt respiratory states vs(t) ∈ R
3m, t ∈ [1, . . . ,nt] per subject

in dense correspondence.

14.5 STATISTICAL MOTION MODELING

With all data samples in dense correspondence, principal component analysis (PCA)
is used to transform the 4D-MRI registration results into a representation where each
dimension is independent and distributed according to a normal distribution. First, we
discuss the most common case, where only motion is modeled [39,28–30,32,31]. This
amounts to Eq. (14.5) where the shape model term is replaced with a fixed exhalation
master v̌,

vβ = v̌ + xμ +
N∑

i=1

βiφi. (14.15)

Furthermore, often just a single Gaussian component is used for the motion model.
The data used for computing the motion model is the offset between each sample

and the exhalation master,

xs(t) = vs(t) − v̌s. (14.16)
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The arithmetic mean is estimated using

μs = 1
n

n∑
i=1

xs(t), (14.17)

and the mean-free data of all subjects is gathered in the data matrix,

X = [x1(1) − μ, . . . ,x1(n) − μ1, . . . ,xns(1) − μ1, . . . ,xns(n) − μns] ∈ R
3m×(ns·nt). (14.18)

Standard Principal Component Analysis is performed on X, as elaborated in much
detail in earlier chapters, to obtain the matrix of eigenvectors � = [φT

1 , . . . , φT
N ], the

coefficient vector b = (β1, . . . , βN )T for each sample as well as the mean displacement
xμ for the motion model in Eq. (14.15).

14.6 BAYESIAN RECONSTRUCTION FROM SPARSE DATA

The probabilistic framework of PCA provides an efficient tool to reconstruct missing
information based on the statistics of the modeled data. In machine learning language,
this is called a regression problem. Recall Bayes’ rule,

p(Y ) =
∑

X

p(Y |X)p(X). (14.19)

Let X be the observation vector and Y the set of model parameters . The conditional
probability

p(x|) (14.20)

is called the likelihood of x given the set of model parameters . It describes how likely
an observed data vector is for different settings of the parameter vector . The value
p() gives the probability of the model parameters before a sample has yet been drawn
and is called prior probability of . Accordingly, the quantity p(|x) gives the probability
of a set of model parameters after a sample x has been drawn and is therefore called
posterior probability of .

Here, the goal is to obtain an estimation of the complete data vector for the organ
at time t, xs(t), from a vector of partially observed information r(t) ∈ R

l, l < 3m. For
the ease of notation, the subscripts are dropped and x and r are used instead. In [6],
a Bayesian approach for model-based reconstruction from partial information is derived
as follows. Let L : R3m �→ R

l, l << 3n be a linear transformation matrix that governs the
mapping of a complete data vector to its partial observation,

r = Lx. (14.21)
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In general, L is not an injective mapping and thus the solution of Eq. (14.21) with
respect to x is not uniquely defined. Likewise, we can define the reduced version of the
model matrix �, scaled with the eigenvalues,

Q = (q1, . . . ,qn) = diag(σi) · L� ∈R
l×(n−1−k). (14.22)

In terms of the unknown model parameter vector b = (β1, . . . , βN )T , Bayes’ rule
becomes

p(b | r) = p(r |b) · p(b)

p(r)
. (14.23)

If we assume that the measurement is subject to uncorrelated Gaussian noise of variance
σ 2

N , the posterior probability becomes

p(b | r) ∝ exp
(

− 1
2σ 2

N
‖Qb − r‖2

)
. (14.24)

We are looking for the model parameters b that maximize this posterior, which amounts
to minimizing the following energy function,

E(b) = ‖Qb − r‖2 + η · ‖b‖2, (14.25)

where η is a regularization parameter that allows to trade-off between the data fitting
error and the prior probability of c.

After substituting Q with its singular value decomposition Q = ÛWV̂T , we obtain

V̂W2V̂Tb + ηb = V̂WÛTr, (14.26)

and the following series of transformations leads to the final solution:

W2V̂Tb + ηV̂Tb = WÛTr, (14.27)

diag(w2
i + η) · V̂Tb = WÛTr, (14.28)

V̂Tb = diag
(

wi

w2
i + η

)
ÛTr, (14.29)

b = V̂diag
(

wi

w2
i + η

)
ÛTr. (14.30)

The final estimation of the complete data vector is computed according to

x = Ub + μ. (14.31)

The exhalation master shape is added to obtain the absolute position of the organ,
v = x + v̌.



394 Statistical Shape and Deformation Analysis

The matrix Q is of size l × N̂ , with N̂ � N the number of principal components
used for reconstruction. Therefore, Eq. (14.30) can usually be solved in real time.

14.7 APPLICATIONS OF POPULATION-BASED STATISTICAL MOTION
MODELS TO MOTION RECONSTRUCTION

In the remainder of this chapter, a number of papers are discussed that leverage the
described reconstruction method on 4D-MRI and ultrasound data.

In [28], the Bayesian approach to population-based statistical respiratory motion
modeling is described. 4D-MRI liver images were acquired of 12 healthy subjects over
roughly one hour on 22 to 30 sagittal slices, at a temporal resolution of 2.6–2.8 Hz.
Deformation fields are extracted using non-rigid registration, and a topology for both
inter- and intra-subject correspondence are defined using a set of manually selected
landmarks on one exhalation master image per subject. The left liver lobe was kept
out of the analysis because of the influence of heart motion. From the resulting 12
topologically equivalent 3D liver volumes and their dense spatio-temporal motion data,
nine respiratory cycles from the beginning, the middle and the end of the acquisition
session are used, each consisting of 8–20 time points. Using this data, 12 leave-one-out
population-based models were built. Each of the models was used to evaluate the perfor-
mance on the left-out subject. Fig. 14.5 shows the first two principal components of the
model, and Fig. 14.6A shows a plot of the principal component’s cumulative variance.
To measure how well the model is able to describe the most extreme respiratory state
(full inhalation), the vertices of a typical unseen full inhalation state are projected into
each of the leave-one-out models, as a measure of model expressiveness (Fig. 14.6B).

Partially observed data, for example from ultrasound imaging or implanted elec-
tromagnetic beacons, is simulated by selecting a point at the inferior tip of Couinaud
segment VI, at the diaphragm and near the center of the right liver lobe in each subject.
Eq. (14.30) is used to estimate the model parameters of a 20 min sequence for each sub-
ject, and the corresponding shape is reconstructed using Eq. (14.31). An average error
of 1.2 mm is reported.

Besides quasi-periodic superior/inferior (SI) motion, some data sets further contain
secondary modes of motion due to cardiac cycle motion, digestive activity, gravity and
muscle relaxation. Some of them cause a drift of the organ. It is shown that including
organ drift in the model leads to a significant decrease of the reconstruction error in the
presence of such motion, as depicted in Fig. 14.7.

In a clinically realistic scenario, where the goal is to destroy tumor cells under free
breathing using motion-compensated radiotherapy, 3D fiducial information is not gen-
erally available. More commonly, 2D planar projections of fiducials from a beam-eye
view X-ray, portal imager or fluoroscope are acquired in an image-guided therapy set-
ting. Furthermore, there may be a considerable amount of measurement noise which
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Figure 14.5 Coronal and sagittal views of the mean liver shape deformed in direction of the first prin-
cipal component φ1 (left) and the second principal component φ2 (right) of our respiratory model. The
white and gray surfaces represent deformations of plus and minus 3 standard deviations, respectively.
(From [28].)

Figure 14.6 (A) Cumulative variance plot of the statistical population model for the liver in [28].
(B) Median, 25th and 75th percentiles, and maximum (diamond) of the projection error at inhalation.
(From [28].)

Figure 14.7 Mean reconstruction error for a 60 min sequence subject to organ drift of up to davg =
5.6 mm (averaged over the entire liver). (A) With drift model that only contains states from the begin-
ning of the acquisition session. (B) Without drift information. (From [28].)
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Figure 14.8 In [29], three close model vertices were selected. The motion of all grid points within a
sphere of radius r = 15 mm around their centroid was reconstructed, based on the planar projection
of the fiducials. (From [29].)

Figure 14.9 Mean reconstruction error as a function of the target volume radius. Both errors increase
only very little, however, the model-based reconstruction is significantly more precise for any size.
(From [29].)

directly impacts the reconstruction accuracy of the statistical model. In [29], these con-
straints are further studied (Fig. 14.8). Leave-one-out models were generated from a
superset of the previously studied data, containing a total of 20 subjects. On each exha-
lation master shape, three close landmarks were manually selected, to serve as fiducials
in the experiments. For each set of landmarks, two-dimensional planar projections onto
a sagittal plane were generated from the motion data over 5 min. Additionally, Gaussian
noise (σ = 2 mm) was superimposed on the projections, to simulate the uncertainties
in a more realistic setting. From these 2D input points, the motion of target volumes
of 10 to 40 mm radius around the centroid of the three fiducials was reconstructed
over 5 min of respiratory motion, for each subject. To show that the non-rigid motion
from the statistical model reconstruction is an improvement over a simple model, the
same sequence was also reconstructed using a rigid body motion model, as depicted
in Fig. 14.9. On average, the statistical model outperformed the rigid model by more
than 1 mm. The next experiment investigated the influence of the camera projection
angle with respect to the patient, as shown in Fig. 14.10A. It was found that projections
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Figure 14.10 (A) In [29], a large number of camera positions was simulated to study its importance
for motion reconstruction. (B) This surface shows the mean error over all subjects as a function of the
camera position. It can be nicely seen that the reconstruction accuracy drops significantly when the
elevation el approaches the values +90◦ and −90◦ . (From [29].)

perpendicular to the main direction of respiratory motion yield better reconstructions.
Conversely, if the elevation angle gets closer to +90 or −90 degrees, the observable mo-
tion almost disappears in the projected image, and leads to much higher reconstruction
errors. Fig. 14.10B depicts the error as a function of the azimuth and elevation angle.

Another study investigated the difference between 3D, 2D or only 1D surrogate
information available to the reconstruction algorithm [30]. While the ability to obtain
motion information in 3D would be the preferred case, it is also the most unrealistic
of all, since implanted electromagnetic beacons are not a clinically established tech-
nique. More commonly, T1-weighted MR images are acquired in an MR-guided high
intensity focused ultrasound (MRgHIFU) setting for example, since such images are
necessary for temperature monitoring, and are as such readily available for tracking
purposes. In addition to 2D images, a 1D pencil beam signal of the diaphragm might
additionally be acquired at a fast rate, and small cost in scan time, to increase the tem-
poral resolution of the surrogates. In other scenarios where temperature monitoring
might not be needed, such as conventional radiotherapy, 2D ultrasound imaging might
be a more cost-efficient method for feature tracking. All these possible settings were
simulated in a number of experiments where 3D, 2D or only 1D fiducial information
is made available to the reconstruction algorithm, and the location of all model vertices
was estimated based on this information [30]. A single fiducial at the diaphragm was
manually selected on the 4D-MRI navigator image for each of the 20 subjects. Nor-
malized cross-correlation was used to track this position in 20 min worth of navigator
images. Fig. 14.11 depicts the navigator slice of one subject together with the tracked
positions of the diaphragm. The results are depicted in Fig. 14.12 and show that even
when only 1D surrogate information is available, the statistical model is able to recon-
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Figure 14.11 Selection of tracked organ position using template matching that was used as input for
reconstruction (A). Close-up view (B). (From [30].)

Figure 14.12 Average errors for reconstruction using a single point near the diaphragm in 1D, 2D and
3D. In the 3D case, the actual 3D position of the fiducial was used instead of the tracking results. (From
[30].)

struct all model vertices with an average error of less than 3 mm for most subjects. The
study also considers a gated scenario. In gating, a radiation or imaging device is only
triggered when the respiratory state is close to a known reference position, typically full
expiration, to minimize the influence of respiratory motion. Fig. 14.13 shows the re-
construction errors as a function of the gating window size. It can be seen that even for
a smaller gating window size, the difference between gating only and gating combined
with model-based reconstruction is significant.

All previously described approaches rely on synthetic fiducials ultimately generated
from the acquired MR images, in one form or another. To address the question how
well such a population-based statistical motion model performs on surrogates from 2D
ultrasound images, a modified, MR-compatible phased array US transducer [26] is used
in [32] to acquire images of the liver under free breathing inside the MR bore, while
4D-MRI is acquired simultaneously (Figs. 14.14,14.15). The ultrasound images are used
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Figure 14.13 Comparison of reconstruction error with amplitude gating. Model-based gating outper-
forms traditional amplitude gating for any gating window size. (From [30]).

Figure 14.14 Ultrasound tracking of five cycles for two subjects. (A) Tracked points of subject 1 are
distributed mainly along the liver surface, as the available acoustic window did not expose many vessel
structures inside the organ. (B) Trajectories for subject 4 could be extracted at the diaphragm and also
for vessels within the liver. The acoustic shadow occluding about half of the liver is a typical artefact
due to absorption by the ribs. (From [32].)

for feature tracking, providing the surrogate signal for the reconstruction algorithm,
whereas 4D-MRI provides the ground-truth motion for validation.

A mean error of 2.4 mm (standard deviation of 1.7 mm) is reported over all 8 sub-
jects, validated on the 4D-MRI ground-truth data acquired simultaneously. In addition,
two observers manually annotated three vessel locations in the MR images, and the
prediction error was additionally validated using this manual ground-truth. The reason
for this is that the 4D-MRI registration results might itself be biased due to the inaccu-
racy of image registration. An average error of 1.85 mm (standard deviation 1.2 mm) is
reported using the manual ground-truth. In addition, it is shown how a statistical mo-
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Figure 14.15 Overview of the experimental setup. (A) US probe accommodated in a gel-filled bag
and its dedicated holder (EM shielded). (B) US probe attached to an MR-compatible orbital ring us-
ing an articulated handler. (C) US probe accommodated in a gel-filled bag and its dedicated holder
(EM shielded). (D) Subject with US probe orbital ring inside the MR scanner. (From [32].)

tion model can be combined with a temporal predictor, in order to estimate the entire
organ from the same small number of surrogates at time t + t�, where t� considers the
typical system lag of a radiosurgery device, which is reported to be at least in the order
of 100 ms. A neural network is used to learn the mapping of the US surrogates from t
to t + t� from a short sequence of tracking data, and the forward-predicted surrogates
are used to reconstruct the entire organ at t + t�. Errors between 2.3 mm (t� = 50 ms)
and 2.7 mm (t� = 400 ms) are reported.

All previous approaches model respiratory motion independent of the temporal evo-
lution of the signal. The advantage is that the reconstruction is independent of the
specific breathing pattern, such as frequency and amplitude. On the other hand, the
information about signal evolution can be incorporated into the reconstruction, as it
is done in [31], where the presented Bayesian reconstruction concept is incorporated
into a bilinear model that models and reconstructs entire respiratory cycles, rather than
individual respiratory states.
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14.8 RECONSTRUCTION BY REGRESSION

We now move on to topologically independent surrogates for reconstructing the full
shape changes [17]. This has the advantage that one can reduce the involving ultrasound
imaging and interest point tracking to a lighter setup. Given an attribute signal which is
correlated with the organ motion, the goal is to estimate the motion model parameters
β of the current respiratory state with Eq. (14.10). Based on that, a shape change can
be synthesized using Eq. (14.5).

Following [17], first a high-temporal resolution respiratory cycle is synthesized in
order to give a feeling about the capabilities of motion model regression. This is followed
by the evaluation of the estimation performance of this method.

In both experiments, a straightforward Gaussian process model is used, applying a
Gaussian kernel as covariance function

kg(x,x′) = θ2
0 exp

(
−‖x − x′‖2

2θ2
1

)
, (14.32)

where θ0 is a scaling parameter and θ1 is a length scale or smoothness parameter.

14.8.1 Average Breathing Cycle
We first show a study presented in [17] where respiratory motion of the liver in general
was analyzed. A motion model out of the motion samples among V = 9 volunteers
was built, while 99.9% of the variance was kept. For each temporal sample shape St at
time point t, an attribute c ∈ [0,2π ] was considered which indicates the cycle state of t
within a respiratory cycle.2 Such a rather abstract attribute can be applied to synthesize
an average respiratory cycle of the liver shape. For the regression, 8000 pairs of cycle
attributes resp. motion model coefficients were randomly picked among all volunteers.

In Fig. 14.16, an example right liver lobe and its displacements within this average
respiratory cycle is visualized. Note that here a semantic and non-linearly captured
respiratory cycle of a shape is synthesized, where not simply the most dominant principal
component of the motion model is varied. Thus, for each patient an average respiratory
cycle can be generated e.g. for planning [22]. While the source 4DMRI has a framerate
of 2.8 Hz the temporal resolution can now be upsampled to an arbitrary high framerate.
In this example, 100 samples were synthesized which corresponds to approximately
25 Hz.

2 This cycle attribute was computed using a greedy cycle detection algorithm which is based on the average
vertical coordinates of the shape changes xt .
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Figure 14.16 Example liver shape Sv deformed by an average respiratory cycle c = [0,2π ]. The shape
is colored with respect to the absolute value of the displacement of a point |�p| ∈ [0,14] mm. In the
right plot, the average distance to the exhalation master is plotted (blue – population mean, orange
dotted – example of a patient specific cycle). (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this chapter.)

14.8.2 Motion Model Prediction
In the motion estimation experiment of [17] a surrogate signal was simulated which
indicates the depth of the diaphragm measured from the abdominal skin for example
by a 1D US sensor. A 1D signal was defined which is generated by a ground truth
model point in the region of the diaphragm. Let s : [0, τ ] → R

3 be the 3D signal of
absolute coordinates of this point at time point t ∈ [0, τ ]. To get invariant to the absolute
positioning of the subject, let us project the signal into its dominant mode of variation

F[s] = (s − μs)ψ0 + ε, (14.33)

where μs = 1
τ

∫ τ

0 s(t)dt is the signal mean value, ε ∼ N (0, σε) is additive noise, which
was set to σε = 2 mm and ψ0 is the orthonormal eigenfunction corresponding to the
largest eigenvalue λ0 of the equation

∫ τ

0 cov(si, sj)ψ0(si)dsi = λ0ψ0(sj). Here, cov is the
covariance function of the signal s.

In this evaluation, the motion estimation performance of the method can be shown
given the simulated signal F[s]. For each volunteer, a leave-one-out (L1O) motion
model was generated, where only motion samples from the other volunteers were con-
sidered. 99.9% of the variance was kept yielding L1O models of 20 to 22 principal
modes. Note that for each temporal sample, additionally F[s] was computed for the
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Figure 14.17 For each L1O experiment, the average corresponding point difference between the
ground truth and the predicted shape is visualized. We compare our method Attribute Regression with
the Conditional Model [2,28]. The upper x-axis indicates how many time points the motion has been
predicted.

later usage as an attribute (Eq. (14.33)). As a shape model, the model with 2571 surface
and 368 interior points was used which had been constructed as described in Sec-
tion 14.4.2. To derive the corresponding model parameters, the shapes of the volunteers
are projected into the shape model.

For the Gaussian process regression, 8000 F[s]-attributes resp. ground truth coef-
ficient vector pairs were randomly picked, again only from the other volunteers. The
kernel parameters were set to θ1 = 3, while the exact value of θ0 = 5000, had only minor
influence to the estimation performance. In Fig. 14.17, for each volunteer the average
estimation error is plotted. The estimation error is robustly kept below 5 mm, whereas
the median stays around 2 to 3 mm. For radiotherapy these are reasonable error bounds.

Let us compare the topology-independent method to the sparse reconstruction
method presented above where the simulated 3D point signal s serves as surrogate data.
The estimation is performed by estimating the mean of a statistical motion model which
is conditioned on s, cf. Eq. (14.9) and [2]. For a fair comparison, we added to s an
isotropic Gaussian noise N (0, σε/

√
3). The conditional model performs equally well,

while it better generalizes in the experiment with volunteer 7 and 9. Certainly, the
topology-independent model with only 9 volunteers is not capable to generalize to the
respiratory motion of these two subjects. This can be confirmed when comparing to
the results with patient specific models (Fig. 14.18). Here, for each volunteer, a motion
model was built where only samples from the volunteer of interest were considered.
For the regression, 700 attribute/coefficient pairs were randomly picked and the kernel
parameter was adjusted to θ1 = 5. For all volunteers including for volunteer 7 and 9, the
average error was considerably improved to less than 1 mm. In Fig. 14.16 on the right,
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Figure 14.18 Evaluation of the average estimation error for each patient specific experiments, where
θ1 = 5, 700 training samples have been picked and 210 tests have been performed.

a patient specific average respiratory cycle is plotted for a comparison to the population
mean cycle.

14.9 CONCLUSION

In this chapter, an overview of population-based statistical motion models for respiratory
motion was laid out. The 4D-MRI imaging technique was introduced first, along with
registration techniques for extracting the motion information from subjects over several
minutes. This data is the foundation for the discussed motion models that nicely rep-
resent large amounts of respiratory motion data in a compact mathematical framework.
The statistical nature of these models allows to reconstruct the entire organ from only
a small number of surrogate signals, be it from 1D signals such as a respiratory belt or a
pencil beam, from 2D signals such as single slice imaging or projections, or from 3D sig-
nals such as implanted electromagnetic beacons. Both manual and automatic techniques
for establishing correspondence among a number of subjects were discussed, as well as
the Bayesian framework for sparse reconstruction, and a number of applications from
the literature were presented. Finally, a generalization based on Gaussian processes was
presented that eliminates the need to obtain a direct mapping between surrogates and
their corresponding model vertices, allowing for topology-independent reconstruction.

ACKNOWLEDGMENTS
This work was funded by the Swiss National Science Foundation projects P300P2-164647 and CR-
SII2-127549.

REFERENCES
[1] AAPM-91, Report of Task Group 76: The Management of Respiratory Motion in Radiation Oncol-

ogy, Technical Report 91, American Association of Physicists in Medicine, 2006.
[2] Thomas Albrecht, Marcel Lüthi, Thomas Gerig, Thomas Vetter, Posterior shape models, Med. Image

Anal. 17 (8) (2013) 959–973.
[3] Brian Amberg, Pascal Paysan, Thomas Vetter, Weight, sex, and facial expressions: on the manipula-

tion of attributes in generative 3D face models, in: Advances in Visual Computing, Springer, 2009,
pp. 875–885.



Statistical Respiratory Models for Motion Estimation 405

[4] James M. Balter, Kristy K. Brock, W. Dale Litzenberg, Daniel L. McShan, Theodore S. Lawrence,
Randall Ten Haken, Cornelius J. McGinn, Kwok L. Lam, Laura A. Dawson, Daily targeting of intra-
hepatic tumors for radiotherapy, Int. J. Radiat. Oncol. Biol. Phys. 52 (1) (2002) 266–271.

[5] Volker Blanz, Thomas Vetter, A morphable model for the synthesis of 3D faces, in: Proceedings of the
26th Annual Conference on Computer Graphics and Interactive Techniques, ACM Press/Addison-
Wesley Publishing Co., 1999, pp. 187–194.

[6] Volker Blanz, Thomas Vetter, Reconstructing the complete 3D shape of faces from partial information,
Informationstech. Tech. Inform. 44 (6) (2002) 295–302.

[7] Miguel Á. Carreira-Perpiñán, Mode-finding for mixtures of Gaussian distributions, IEEE Trans. Pat-
tern Anal. Mach. Intell. 22 (11) (2000) 1318–1323.

[8] Ian L. Dryden, Kanti V. Mardia, Statistical Shape Analysis, vol. 4, J. Wiley, Chichester, 1998.
[9] Tami Freeman, Radiotherapy: challenges old and new, http://medicalphysicsweb.org/cws/article/

opinion/35930, 2008.
[10] Rohini George, Theodore D. Chung, Sastry S. Vedam, Viswanathan Ramakrishnan, Radhe Mohan,

Elisabeth Weiss, Paul J. Keall, Audio-visual biofeedback for respiratory-gated radiotherapy: impact
of audio instruction and audio-visual biofeedback on respiratory-gated radiotherapy, Int. J. Radiat.
Oncol. Biol. Phys. 65 (3) (2006) 924–933.

[11] Joseph Hanley, Marc M. Debois, Dennis Mah, Gikas S. Mageras, Adam Raben, Kenneth Rosenzweig,
Borys Mychalczak, Lawrence H. Schwartz, Paul J. Gloeggler, Wendell Lutz, C. Clifton Ling, Steven
A. Leibel, Zvi Fuks, Gerald J. Kutcher, Deep inspiration breath-hold technique for lung tumors: the
potential value of target immobilization and reduced lung density in dose escalation, Int. J. Radiat.
Oncol. Biol. Phys. 45 (3) (1999) 603–611.

[12] Steve B. Jiang, Technical aspects of image-guided respiration-gated radiation therapy, Med. Dosim.
31 (2) (2006) 141–151.

[13] P.J. Keall, V.R. Kini, S.S. Vedam, R. Mohan, Motion adaptive X-ray therapy: a feasibility study, Phys.
Med. Biol. 46 (1) (2001) 1–10.

[14] P.J. Keall, G. Starkschall, H. Shukla, K.M. Forster, V. Ortiz, C.W. Stevens, S.S. Vedam, R. George, T.
Guerrero, R. Mohan, Acquiring 4D thoracic CT scans using a multislice helical method, Phys. Med.
Biol. 49 (10) (2004) 2053–2067.

[15] Paul J. Keall, Gig S. Mageras, James M. Balter, Richard S. Emery, Kenneth M. Forster, Steve B. Jiang,
Jeffrey M. Kapatoes, Daniel A. Low, Martin J. Murphy, Brad Murray, Chester R. Ramsey, Marcel B.
van Herk, S. Sastry Vedam, John W. Wong, Ellen Yorke, The management of respiratory motion in
radiation oncology report of AAPM Task Group 76, Med. Phys. 33 (10) (2006) 3874–3900.

[16] Rojano Koshani, James M. Balter, James A. Hayman, George T. Henning, Marcel van Herk, Short-
term and long-term reproducibility of lung tumor position using active breathing control (abc), Int. J.
Radiat. Oncol. Biol. Phys. 65 (5) (2006) 1553–1559.

[17] Christoph Jud, Frank Preiswerk, Philippe C. Cattin, Respiratory Motion Compensation with Topol-
ogy Independent Surrogates, in: ICART: Imaging and Computer Assistance in Radiation Therapy: a
workshop held as part of MICCAI 2015 in Munich, Germany, HAL, 2015, pp. 97–103.

[18] Hideo D. Kubo, Bruce C. Hill, Respiration gated radiotherapy treatment: a technical study, Phys.
Med. Biol. 41 (1) (1996) 83–91.

[19] A. Lomax, Intensity modulated methods for proton therapy, Phys. Med. Biol. 44 (1999) 185–205.
[20] Marcel Lüthi, Christoph Jud, Thomas Vetter, A unified approach to shape model fitting and non-rigid

registration, in: Machine Learning in Medical Imaging, Springer, 2013, pp. 66–73.
[21] James Mechalakos, Ellen Yorke, Gikas S. Mageras, Agung Hertanto, Andrew Jackson, Ceferino Obce-

mea, Kenneth Rosenzweig, C. Clifton Ling, Dosimetric effect of respiratory motion in external beam
radiotherapy of the lung, Radiother. Oncol. 71 (2) (2004) 191–200.

[22] Nadia Möri, Christoph Jud, Rares Salomir, Philippe Cattin, Leveraging respiratory organ motion for
non-invasive tumor treatment devices: a feasibility study, Phys. Med. Biol. 61 (11) (2016) 4247–4267.

http://medicalphysicsweb.org/cws/article/opinion/35930
http://medicalphysicsweb.org/cws/article/opinion/35930


406 Statistical Shape and Deformation Analysis

[23] Christopher Nelson, George Starkschall, Peter Balter, Mathew J. Fitzpatrick, John A. Antolak, Naresh
Tolani, Karl Prado, Respiration-correlated treatment delivery using feedback-guided breath hold:
a technical study, Med. Phys. 32 (1) (2005) 175–181.

[24] K. Ohara, T. Okumura, M. Akisada, T. Inada, T. Mori, H. Yokota, M.J.B. Calaguas, Irradiation
synchronized with respiration gate, Int. J. Radiat. Oncol. Biol. Phys. 17 (4) (1989) 853–857.

[25] Anders N. Pedersen, Stine Korreman, Hakan Nystrom, Lena Specht, Breathing adapted radiotherapy
of breast cancer: reduction of cardiac and pulmonary doses using voluntary inspiration breath-hold,
Radiother. Oncol. 72 (1) (2004) 53–60.

[26] Lorena Petrusca, Philippe Cattin, Valeria De Luca, Frank Preiswerk, Zarko Celicanin, Vincent
Auboiroux, Magalie Viallon, Patrik Arnold, Francesco Santini, Sylvain Terraz, et al., Hybrid ultra-
sound/magnetic resonance simultaneous acquisition and image fusion for motion monitoring in the
upper abdomen, Invest. Radiol. 48 (5) (2013) 333–340.

[27] M.H. Phillips, E. Pedroni, H. Blattmann, T. Boehringer, A. Coray, S. Scheib, Effects of respiratory
motion on dose uniformity with a charged particle scanning system, Phys. Med. Biol. 37 (1) (1992)
223–233.

[28] Frank Preiswerk, Patrik Arnold, Beat Fasel, Philippe Cattin, A Bayesian framework for estimating res-
piratory liver motion from sparse measurements, in: Abdominal Imaging. Computational and Clinical
Applications, Springer, 2012, pp. 207–214.

[29] Frank Preiswerk, Patrik Arnold, Beat Fasel, Philippe Cattin, Robust tumour tracking from 2D imaging
using a population-based statistical motion model, in: 2012 IEEE Workshop on Mathematical Methods
in Biomedical Image Analysis (MMBIA), 2012, pp. 209–214.

[30] Frank Preiswerk, Patrik Arnold, Beat Fasel, Philippe Cattin, Towards more precise, minimally-invasive
tumour treatment under free breathing, in: Engineering in Medicine and Biology Society (EMBC),
2012 Annual International Conference of the IEEE, IEEE, 2012, pp. 3748–3751.

[31] Frank Preiswerk, Philippe Cattin, A bilinear model for temporally coherent respiratory motion, in:
Abdominal Imaging. Computational and Clinical Applications, Springer, 2014, pp. 221–228.

[32] Frank Preiswerk, Valeria De Luca, Patrik Arnold, Zarko Celicanin, Lorena Petrusca, Christine Tanner,
Oliver Bieri, Rares Salomir, Philippe Cattin, Model-guided respiratory organ motion prediction of
the liver from 2D ultrasound, Med. Image Anal. 18 (5) (2014) 740–751.

[33] Carl Edward Rasmussen, Gaussian Processes for Machine Learning, 2006.
[34] Gregory C. Sharp, Steve B. Jiang, Shinichi Shimizu, Hiroki Shirato, Prediction of respiratory tumour

motion for real-time image-guided radiotherapy, Phys. Med. Biol. 49 (3) (2004) 425–440.
[35] Hiroki Shirato, Shinichi Shimizu, Tatsuya Kunieda, Kei Kitamura, Marcel van Herk, Kenji Kagei,

Takeshi Nishioka, Seiko Hashimoto, Katsuhisa Fujita, Hidefumi Aoyama, Kazuhiko Tsuchiya,
Kohsuke Kudo, Kazuo Miyasaka, Physical aspects of a real-time tumor-tracking system for gated ra-
diotherapy, Int. J. Radiat. Oncol. Biol. Phys. 48 (4) (2000) 1187–1195.

[36] Bernhard W. Stewart, Christopher P. Wild (Eds.), World Cancer Report 2014, International Agency
for Research on Cancer, France, 2014.

[37] Martin von Siebenthal, Analysis and Modelling of Respiratory Liver Motion Using 4DMRI, PhD
thesis, ETH, Zurich, 2008, Diss. ETH No. 17613.

[38] Martin von Siebenthal, Gabor Szekely, Urs Gamper, Peter Boesiger, Antony Lomax, Philippe Cat-
tin, 4D MR imaging of respiratory organ motion and its variability, Phys. Med. Biol. 52 (2007)
1547–1564.

[39] Martin von Siebenthal, Gabor Szekely, Antony Lomax, Philippe Cattin, Inter-subject modelling of
liver deformation during radiation therapy, in: MICCAI, in: Lect. Notes Comput. Sci., vol. 4791,
2007, pp. 659–666.

[40] Martin von Siebenthal, Gabor Szekely, Antony J. Lomax, Philippe C. Cattin, Systematic errors in
respiratory gating due to intrafraction deformations of the liver, Med. Phys. 34 (9) (2007) 3620–3629.



Statistical Respiratory Models for Motion Estimation 407

[41] C.X. Yu, D.A. Jaffray, J.W. Wong, The effects of intra-fraction organ motion on the delivery of dy-
namic intensity modulation, Phys. Med. Biol. 43 (1) (1998) 91–104.

[42] B. Madore, G. Glover, N.J. Pelc, and others, Unaliasing by Fourier-encoding the overlaps using the
temporal dimension (UNFOLD), applied to cardiac imaging and fMRI, Magnetic Resonance in
Medicine 42 (5) (1999) 813–828.

[43] K.P. Pruessmann, M. Weiger, M.B. Scheidegger, P. Boesiger, and others, SENSE: sensitivity encoding
for fast MRI, Magnetic Resonance in Medicine 42 (5) (1999) 952–962.

[44] F. Preiswerk, M. Toews, C. Cheng, and others, Hybrid MRI-Ultrasound acquisitions, and scannerless
real-time imaging, Magnetic Resonance in Medicine 42 () (2016) 952–962.

[45] D. Rueckert, L.I. Sonoda, C. Hayes, and others, Nonrigid registration using free-form deformations:
application to breast MR images, IEEE transactions on medical imaging 18 (8) (1999) 712–721.

[46] M. Modat, G.R. Ridgway, Z.A. Taylor, and others, Fast free-form deformation using graphics pro-
cessing units, Comput. Methods Programs Biomed. 98 (3) (2010) 278–284.


	14 Statistical Respiratory Models for Motion Estimation
	14.1 Background
	14.2 4-Dimensional MR Imaging
	14.2.1 Acquisition Protocol
	14.2.2 Retrospective Stacking

	14.3 Motion Model Building
	14.3.1 Statistical Shape Model
	14.3.2 Statistical Motion Model
	14.3.3 Inference on Statistical Models
	14.3.3.1 Sparse Reconstruction
	Bayes' Theorem

	14.3.3.2 Statistical Model Regression
	Gaussian Process Regression



	14.4 Establishment of Correspondence
	14.4.1 Inter-Subject Correspondence
	14.4.2 Inter-Subject Correspondence by Registration
	14.4.3 Intra-Subject Correspondence

	14.5 Statistical Motion Modeling
	14.6 Bayesian Reconstruction from Sparse Data
	14.7 Applications of Population-Based Statistical Motion Models to Motion Reconstruction
	14.8 Reconstruction by Regression
	14.8.1 Average Breathing Cycle
	14.8.2 Motion Model Prediction

	14.9 Conclusion
	 Acknowledgments
	 References


