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Abstract. This paper describes a technique for constructing and ap-
plying an adaptive respiratory motion model for motion-correction of
roadmaps in image-guided soft tissue interventions. The model has the
capability to adapt to changes in breathing pattern, such as deep or fast
breathing, which normally would result in a decrease in the accuracy of
the model. It operates by interpolating between the motion estimates
of multiple sub-models, each of which describes the motion of the tar-
get organ during cycles of different amplitudes. A predictive technique
is proposed which enables the amplitude of a breathing cycle to be pre-
dicted before the cycle has finished. The predicted amplitude is used to
adapt the model to the current breathing pattern. The combined tech-
nique is shown to improve modelling performance by up to 31% in seven
volunteer cardiac datasets. The predictive technique is also validated on
three patient datasets, and shows mean errors of 0.6mm-3.7mm.

1 Introduction

Organs in the chest and abdomen, such as the heart, lungs and liver, undergo sig-
nificant motion during respiration. The accuracy of guidance information during
image-guided interventions on these organs is therefore reduced due to the as-
sumption of static organ position and shape. To overcome this problem, motion
models have been proposed for a range of interventions. However, our previous
work has suggested that the accuracy of such models is reduced during non-
standard breathing patterns, such as fast or deep breathing [1]. In this paper
we propose a novel predictive and adaptive motion model that will address this
limitation.

Respiration is the result of two physiological factors: movement of the rib
cage caused by the rib cage muscles and contraction of the diaphragm leading
to an expansion of the lower chest [2]. The literature often distinguishes between
abdominal and 1ib cage breathing. Although these do not match exactly with the
actions of the diaphragm and rib cage muscles it can be a useful simplification
to make. The relative contributions of rib cage and abdominal breathing during
respiration are highly variable. For example, as the subject breathes more deeply
or quickly, rib-cage breathing becomes more dominant [3].

Many respiratory motion models are based on a single respiratory param-
eter, or surrogate, such as the 1-D motion of the diaphragm (e.g. [1,4]). We



postulate that the lower accuracy of such models in the presence of changes in
breathing pattern is the result of a change in the relative contributions of the
underlying physiological causes of respiration (i.e. abdominal or rib-cage breath-
ing), and hence in the relationship between the single respiratory parameter and
the motion. The inability to adapt to such changes is a fundamental limitation
of existing single parameter models. Previous work has addressed this limitation
by introducing extra parameters [5], which implicitly attempt to capture and
model the variation. However, when using motion models during image-guided
interventions it is often difficult to acquire these extra parameters to apply the
model. In [6] the use of extra parameters derived from the first parameter (am-
plitude and gradient) was proposed, but no method to estimate the amplitude
in real-time was described. In this paper we assume that normal, deep and fast
breathing states generally have different respiratory amplitudes and propose an
extended single parameter model that can automatically adapt to changes in
amplitude.

2 Method and Materials

2.1 Method

Figure 1 illustrates in general terms the processes involved in forming and apply-
ing the adaptive model. The model is formed from preprocedure imaging data
together with a single respiratory surrogate. It can predict the motion of the tar-
get organ during the procedure given knowledge of the current surrogate value
and the estimated amplitude of the current breathing cycle. The adaptive model
consists of a number of basic sub-models, each of which describes the motion of
the organ during cycles of different amplitude ranges. When the model is being
formed the amplitudes are classified by post-processing the surrogate signal. A
predictive technique is used to estimate the amplitude during model application.

In this paper we demonstrate the formation of an adaptive heart model from
magnetic resonance imaging (MRI) data, using a pencil beam navigator applied
on the diaphragm as the respiratory surrogate. However, the technique is general
and can be applied to single parameter respiratory models for many applications.
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Fig. 1. An overview of the formation and application of the adaptive motion model.



Basic Respiratory Model Details of the basic sub-models are given in [1].
Briefly, two cardiac gated MRI sequences are required to form the models: a
high resolution end-expiration scan to acquire the anatomy and a dynamic scan
to acquire the respiratory motion.

The high resolution scan is a respiratory gated free-breathing scan covering
the four chambers and major vessels of the heart (3D balanced TFE, respiratory
gated at end-expiration, cardiac triggered and gated at late diastole, typically,
120 sagittal slices, TR = 4.4ms, TE = 2.2ms, flip angle = 90°, acquired voxel
size 2.19 x 2.19 x 2.74mm3, reconstructed to 1.37 x 1.37 x 1.37mm?, 256 x 256
matrix, scan time approximately 5 minutes). This scan is also used to form the
roadmap for the intervention.

The dynamic scan is a free-breathing scan obtaining a number of near real-
time free-breathing acquisitions that cover a range of respiratory positions (3-D
TFEPI, cardiac triggered and gated at late diastole, typically, 20 slices, TR =
11.75ms, TE = 5.84ms, flip angle = 20°, acquired voxel size 3.81 x 4.27 x 8.0mm?,
reconstructed to 2.22 x 2.22 x 4.0mm?, 144 x 144 matrix). This sequence is
similar to that used previously to form models for motion-corrected MRI image
acquisition [4]. For the data used in this paper we used 120 dynamics to form each
model, resulting in a typical scan time of 2 minutes. During the dynamic scan
a pencil beam navigator is applied on the right hemi-diaphragm immediately
before and after each dynamic acquisition. The average of these lead and trail
navigators was used as the respiratory surrogate to form the models.

To form a basic respiratory model, each dynamic acquisition is automatically
registered to the high resolution scan using an affine intensity-based algorithm.
The motion of the target organ is modelled as polynomial functions of navigator
value. Inspiration and expiration are modelled separately to enable the model to
capture hysteresis effects. Once the model has been formed, it can produce an
estimate of the motion from end-expiration to the current respiratory position
given a navigator value and a breathing direction. The basic respiratory model
can predict cardiac respiratory motion to within 2-4mm [1].

Adaptive Model An adaptive model, M?, consists of a number of basic sub-
models, M;,i = 1...N. The sub-models are formed by classifying the registra-
tion result for each dynamic according to its amplitude. We measure amplitude
for each half-cycle, i.e. we compute the differences between the respiratory sur-
rogate values of adjacent extreme (i.e. either end-expiration or end-inspiration)
positions. Based on the half-cycle amplitude, each registration result is classified
into one of N categories, each of which represents a particular range of amplitude
values. Separate sub-models are formed for each category based on the classified
registration results. For the experiments presented in this paper, we used three
sub-models, covering 5-20%, 20-50% and 50-100% of the global maximum ampli-
tude respectively. Half-cycles with an amplitude less than 5% of the maximum
were rejected as they were probably due to noise in the surrogate signal.

To ensure that the adaptive model captured the full range of breathing mo-
tions, a breathing protocol was used each time the dynamic MRI scan was ac-



quired. For the first 40 dynamics, volunteers were given no special breathing
instructions. For the next 40 dynamics, they were instructed to breathe quickly.
For the final 40 dynamics, they were instructed to take deep breaths.

Predicting Amplitude At each sample point k we define z;, = (vi, SJvg) to be
a tuple comprising the respiratory surrogate value and its gradient. We denote
the actual (unknown) next extreme position of the surrogate at sample point
k by x and its current estimate by 2. This is illustrated in Figure 2(a). The
technique for estimating the next extreme position is based on recursive Bayesian
estimation [7]. We attempt to find the estimate & of the next extreme position
that maximises the posterior probability of zj; given all previous values of zg.
The posterior probability of xj is

pzklzr) - p(ek|Zr-1)
P2k Zr—1)

p(zk|Zy) = (1)
where Zj, is the set of all surrogate values/gradients up to and including position
k (ie. z1 ...25).

In (1), p(xk|Zk—1) is the prior probability of the surrogate value of the next
extreme position. This reflects any knowledge we have about likely amplitudes
before the half-cycle begins. We make the assumption that the respiratory ampli-
tude will remain approximately constant from half-cycle to half-cycle. Therefore
the value of the next extreme position is assumed to be the same as the previ-
ous one of the same type (i.e. end-expiration or end-inspiration). The form of
the prior probability used was a Gaussian distribution centred on the previous
extreme value, )

_ka mprev” ) (2)
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where ., is the surrogate value of the previous extreme position of the same
type and o, is an empirically determined constant (we used a value of 5). In
principle more than one previous extreme value could be used in this term but
for the experiments presented in this paper we used only the last extreme, zpyey.

p(zk|zi) is the likelihood. This is a model of how a half-cycle of a given
amplitude will produce measurements of the surrogate value and gradient. The
likelihood estimate is based on previous surrogate data processed to establish the
relationship between the current gradient and the distance to the next extreme
position. Figure 2(b) shows a plot illustrating a sample relationship, which is
modelled as a sine wave of a known amplitude and wavelength. The sine wave
allows us to predict a gradient given a possible extreme surrogate value. The
form of the likelihood for a possible extreme value xj is given by

A 12
v — V0
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where /vy, is the actual gradient at the current point, and 7o = Asm(w)

is the estimated gradient given that the next extreme position will be x;. A and



A are the amplitude and wavelength of the sine wave. The standard deviation
of the Gaussian function in (3), oy, indicates how much tolerance there is in the
gradient estimates. This was empirically determined, and we used a value of 3.
Note that p(zi|zx) will have two peaks, corresponding to the two intersections
of the current gradient with the sine wave.
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Fig. 2. (a) A sequence of sample points k within a half-cycle of respiratory surrogate
values. At each point the surrogate, v, and its gradient, Vuy, are recorded, and an
estimate, %1, is made of the true surrogate value of the next extreme position, zy. (b)
Estimating the distance to the next extreme position using the current gradient.

Finally, the divisor in (1), p(zk|Zk—1), is the prior probability of the mea-
surements. We assumed this to be uniform.

Based on this formulation, we make an estimate of the next extreme position
at time point k,

2y = argmax(p(zx|Zk)) (4)
T

Because of the limited range of possible values for zj, a simple linear search is
employed to find Zg.

Model Interpolation Given the current surrogate value, the adaptive model
produces an estimate for each motion parameter by interpolating between the
estimates of its sub-models based on the current amplitude prediction. We denote
by T;(M;, vy) the value of the 4" motion parameter for the i** sub-model using
surrogate value vy. Now we define the adaptive estimate, Tj, of each motion
parameter j as

Ty = o(Ty, ) j = 1...12 (5)

where Tj = (Tj(My,vg),... Tj(My,vy)), a vector containing the estimates for
the j** parameter for each of the N sub-models. The function ¢ is an inter-
polant. For the experiments presented in this paper, ¢ was a linear interpolation
function. More complex interpolants could also be used.



2.2 Materials

The adaptive model experiments were performed in the 1.5T Philips Achieva
MRI scanner at Guy’s Hospital in London. The seven volunteers all gave in-
formed consent. The predictive technique experiments were performed on a
Philips BV Pulsera single plane cardiac X-ray set. Three patients underwent
cardiac catheterisation procedures and were sedated throughout. X-ray image
sequences were acquired showing the motion of the patients’ diaphragm over
several breathing cycles. All patients gave informed consent.

2.3 Experiments

To validate the formation of the adaptive model we used a leave-one-out test.
Each adaptive model was formed from the results of registering 120 dynamic ac-
quisitions to a high resolution volume. We formed 120 separate adaptive models
by leaving out each of the registration results in turn. Each of these models was
used to predict the registration result for its left-out dynamic. The predicted
registrations were compared with the actual registration results. Errors were
computed at ten clinically relevant anatomical landmarks.

Using this validation, we tested three different model formation techniques: a
single basic model, an adaptive model with perfect knowledge of the amplitudes
and an adaptive model using the amplitude prediction technique. By forming
these three model types we aimed to validate two separate factors. By comparing
the first and second techniques we tested the effectiveness of forming an adaptive
model rather than a basic model. By giving the model perfect knowledge of
the amplitudes we excluded the performance of the predictive technique. By
comparing the second and third techniques we test the impact of imperfect
knowledge of the amplitudes on the overall accuracy of the adaptive model.

One of our aims is to apply the adaptive model to motion-correction in X-
ray guided catheterisations [8,1]. This would involve acquiring the respiratory
surrogate by tracking diaphragm motion in fluoroscopic X-ray images. There-
fore, as a further validation of the amplitude prediction technique, we tracked
diaphragm motion in X-ray images acquired from 3 clinical cases. The tracking
was performed by defining a rectangular region of interest in the X-ray images,
and finding the 1-D translation that minimised the mean sum of squared in-
tensity differences within this region between each X-ray image and a reference
image [1]. The tracking data was retrospectively processed to find the true ex-
treme positions, which were used as a gold standard. The results of applying the
amplitude prediction technique were compared to this gold standard. To show
the benefit of using the Bayesian approach we tested the use of only the prior
probability and also the full Bayesian technique.

3 Results

The leave-one-out test results for the adaptive models formed for seven volun-
teers are shown in Table 1. A sample parameter plot from the adaptive model
for volunteer D is shown in Figure 3.



Mean +/- 1 s.d. leave-one-out test errors (mm)
2. Adaptive 3. Adaptive Tmprovement 1fn
Subject 1. Single basic | model, perfect model, feat error o
model knowledge of amplitude techmqge 3 over
. .. technique 1
amplitudes prediction
Vol. A: Mean | 2.02 +/- 0.91 2.0 +/- 0.99 1.99 +/- 1.01 1.5%
Max. 1.92 +/- 0.93 1.78 +/- 0.91 1.78 +/- 0.91 7.3%
Vol. B: Mean 1.81 +/- 1.06 1.58 +/- 0.96 1.61 +/- 0.95 11.0%
Max. 2.03 +/- 1.18 1.62 +/- 1.0 1.71 +/- 1.01 15.8%
Vol. C: Mean 1.18 +/- 0.6 1.02 +/- 0.54 0.98 4/- 0.52 16.9%
Max. 1.48 +/- 0.66 1.2 +/- 0.63 1.14 +/- 0.58 23.0%
Vol. D: Mean 1.39 +/- 0.84 1.21 +/-0.77 1.17 +/- 0.72 15.8
Max. 1.44 +/- 0.9 1.13 +/- 049 | 1.09 +/- 0.48 24.3%
Vol. E: Mean 1.73 +/- 0.92 1.69 +/- 0.93 1.67 +/- 0.94 3.5
Max. 1.98 +/- 1.04 1.86 +/- 0.98 1.87 +/- 0.99 5.5%
Vol. F: Mean 1.7 +/- 0.78 1.46 +/- 0.77 1.45 +/- 0.73 14.7 %
Max. 1.69 +/- 0.71 1.13 +/- 0.51 1.16 +/- 0.57 31.4%
Vol. G: Mean | 2.68 +/- 1.55 2.13 +/- 1.3 2.24 +/- 1.41 16.4
Max. 1.48 4+/- 0.6 1.2 +/- 0.61 1.13 +/- 0.59 23.6%
Table 1. Leave-one-out test results for three different model formation techniques.

The percentage improvement is shown for the third technique over the first. The 120
dynamics of the dataset were divided into three sections, during which the subject
breathed normally, quickly and deeply. The percentage improvement was computed
over the whole dataset and also separately for each section. The mean overall improve-
ment and the maximum improvement for any single section are given. In every case
an improvement is observed for the proposed predictive-adaptive technique (technique
3) over the single basic model (technique 1). The large maximum improvements were
typically found during the non-standard breathing patterns (i.e. quick and deep) sug-
gesting that the single basic model does not adequately capture the motion during
these patterns.

For the amplitude prediction technique experiments, the mean errors for the
prior-only and Bayesian techniques were 3.3mm and 2.0mm respectively for pa-
tient A, 9.0mm and 3.7mm for patient B and 1.4mm and 0.6mm for patient C.
Figure 4(a) illustrates the use of the prediction technique on patient A. The gra-
dient of the tracking data at the current frame is low, so the likelihood has two
peaks representing possible next extreme positions (the near and far possibili-
ties). The prior is a Gaussian distribution centred on the expected next extreme
position (i.e. that it will be the same as the previous one). The posterior prob-
ability is the product of the prior and likelihood. The current peak posterior
probability indicates a predicted next extreme position of -6.2mm, as indicated
in the top graph. Figure 4(b) shows the errors throughout the tracking sequence.
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Fig. 3. Plot of the anterio-posterior translation from an adaptive model formed for
vol. D. The registration results used to form the models are indicated by the markers
'0’, .7 and ’x’, representing small, medium and large amplitude cycles respectively.
The curves represent the motion model fit to this data for each sub-model. There are
two curves for each sub-model: one for inspiration and one for expiration [1]. Note the
strong hysteresis effect for cycles of large amplitude. Both inspiration and expiration
curves for cycles of small and medium amplitude approximately follow the inspiration
curve for large amplitude cycles. An error of up to 4mm could result in this parameter
alone if a model for the wrong amplitude was applied for this volunteer.

4 Discussion

We have described a technique for constructing single parameter motion models
that has the capacity to adapt to different breathing patterns. In the results
presented in Table 1, comparing the first and second techniques shows that the
adaptive model has the potential to significantly improve the accuracy of motion
models, if it has knowledge of the true amplitude of each half-cycle. Comparing
the second and third techniques shows that the amplitude prediction technique is
performing well, as the errors are similar for the two approaches. In all seven cases
the predictive-adaptive technique gave improvements over the single model, with
a maximum improvement of 31.4%. The maximum improvements were typically
found during non-standard breathing patterns (i.e. quick and deep) suggesting
that the single basic model does not adequately capture the organ motion during
these patterns, whereas the predictive and adaptive technique does.

The reason for the improvements can be seen from Figure 3: changing the
amplitude of respiration causes a change in the relationship between organ mo-
tion and the single respiratory parameter. In Figure 3, there is a strong hysteresis
effect when the subject breathes deeply, which is absent in smaller amplitude
cycles. Using a normal single parameter motion model would lead to errors of up
to 4mm in this parameter alone. The adaptive motion model would have much
improved performance, as it would detect the large amplitude cycle and apply
the appropriate sub-model. The magnitude of the improvement achieved seems
to be highly subject dependent. For example, for volunteers A and E the pre-
dictive and adaptive technique did not show much improvement over the basic
model, but for the other five volunteers there was a marked improvement.
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Fig. 4. Validating the amplitude prediction technique on X-ray diaphragm tracking
data from patient A: (a) top - the diaphragm tracking data up to X-ray frame 24;
bottom - using the prior and likelihood to compute the posterior probability of the
next extreme position at X-ray frame 24. The predicted position is at the peak of the
posterior probability (-6.2mm). This prediction is shown as the dotted line in the top
figure; (b) top - the complete diaphragm tracking sequence overlaid with the prior
predictions of the next extreme position (i.e. that they are the same as the previous
extreme of the same type); bottom - prediction errors using the prior-only and the
Bayesian technique throughout the tracking data sequence, compared the the actual
extreme positions.

Validation was performed using a leave-one-out test on the registration re-
sults of the free-breathing dynamic scan. This effectively excludes any registra-
tion errors from the final error assessment - we are evaluating the techniques’
ability to predict the correct registration given a navigator value and an esti-
mated amplitude. Therefore we cannot interpret the figures in Table 1 as true
target registration errors. However they are useful for comparing the perfor-
mances of the different modelling techniques.

The selection of the amplitude parameters used to form the sub-models (i.e.
5-20%, 20-50% and 50-100% of the global maximum amplitude) is currently
based on our observation of typical respiratory amplitudes during fast, normal
and deep breathing. We have not yet investigated the impact of modifying these
parameters but plan to do so in future work.

The amplitude prediction results indicate that the Bayesian technique offers
significant improvements over the prior-only approach. In particular, Figure 4(b)
shows that in noisy parts of the signal, the prior-only approach performs poorly,
but the Bayesian technique quickly recovers from the poor initial predictions
(e.g. at around frame 15).

Our hypothesis in developing this model was that changes in respiratory
amplitude would lead to different types of motion as a function of the single
respiratory parameter. The results presented in this paper have supported this
hypothesis: if the motion function was the same during different breathing pat-



terns then the adaptive model would not perform any better than the basic
model. The proposed technique has also offered a potential solution to the prob-
lem raised by the changing motion function. The adaptive model has the advan-
tage of simplicity of application, in that we still only need to acquire a single
parameter during the procedure. The improved accuracy of the technique will
have potential benefit in a range of clinical applications. For example, in cardiac
catheterisations image guidance could be employed in a number of procedures
that are currently not feasible due to their higher accuracy requirement. In lung
radiotherapy treatment margins could be reduced due to improved respiratory
motion correction.

Currently we have performed clinical validation of the basic single parameter
model on three cases [1]. In future work we plan to evaluate the improvement
resulting from the use of the predictive and adaptive model over the basic model
in further clinical cases.
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