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Abstract. A liver motion model based on registration of dynamic MRI data, as
previously proposed by the authors, was extended with temporal prediction and
respiratory signal data. The potential improvements of these extensions with respect
to the original model were investigated. Additional evaluations were performed to
investigate the limitations of the model regarding temporal prediction and extreme
breathing motion.

Data were acquired of four volunteers, with breathing instructions and a respiratory
belt. The model was built from these data using spatial prediction only and using
temporal forward prediction of 300 ms to 1200 ms.

From temporal prediction of 0 ms to 1200 ms ahead, the Dice coefficient of liver
overlap decreased with 0.85%, the median liver surface distance increased with 20.6%
and the vessel misalignment increased with 20%. The mean vessel misalignment was
2.9 mm for the original method, 3.42 mm for spatial prediction with a respiratory
signal and 4.01 mm for prediction of 1200 ms ahead with a respiratory signal.

Although the extension of the model to temporal prediction yields a decreased
prediction accuracy, the results are still acceptable. The use of the breathing signal as
input to the model is feasible. Sudden changes in the breathing pattern can yield large
errors. However, these errors only persist during a short time interval, after which
they can be corrected automatically. Therefore, this model could be useful in a clinical
setting.

Keywords: MR-HIFU, liver motion model, registration, dynamic data, temporal
prediction, Kalman filtering

1. Introduction

Organ motion modeling can be valuable for image-guided non-invasive treatments. For
the liver in particular, many models exist. Examples are population-based models [1, 2]
and subject-specific models [3, 4]. Possible applications for liver motion models are
radiotherapy procedures [5] and Magnetic Resonance-guided High Intensity Focused
Ultrasound (MR-HIFU) treatment of liver lesions. In both methods, compensation for
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liver motion is required. This can be done by performing gated therapy, in which the
treatment is only performed when the target is at a specific position. For MR-HIFU this
approach is less efficient, due to the high vascularization of the liver. The high perfusion
that results from this causes relatively fast cooling of the target. Therefore, a continuous
treatment approach would be beneficial, in which the tumor position can be followed
over time. We previously introduced a subject-specific motion model that was based
on registration of dynamic MR data in order to create a look-up table describing the
deformation of the liver in several states in an average breathing cycle [6]. This model
performs spatial prediction of the average liver motion, by which we mean that there is
no forward prediction in time, but the deformation at a specific time point is predicted
by the model. This is sufficient for use during treatment planning, to investigate the
feasibility of a procedure and to determine an optimal treatment strategy. For such a
model to also be useful during the actual treatment, temporal prediction of the liver
motion is required, in which the state of the liver is predicted for future time points,
for which the deformation is then predicted by the model. This information can be
used during treatment to adjust the geometry according to the new target location. In
this work, both the spatial and temporal prediction results are evaluated, also for more
realistic situations in which breathing can be irregular.

The building of the model is an extensive process including many registrations,
which can however be performed completely offline. During treatment, to link the
actual motion to the model, input would be needed on the breathing pattern and the
current phase in the breathing cycle, which can be obtained with a respiratory belt or
with a navigator echo applied during MR acquisition. Based on this information, the
liver deformation corresponding to the current state could then be obtained from the
model.

In this work, we investigate the spatiotemporal performance of our model, for four
volunteers. This study was performed to yield a better insight into the potential of our
model to be applied in clinical practice as well as into further extensions that might be
needed. We acquired a breathing signal using a respiratory belt during the MR data
acquisition, which yields the information necessary for temporal motion prediction. In
addition to regular breathing, volunteers were also instructed to lower or increase their
breathing frequency and to perform deep inhalations or shallow breathing, to explore the
limitations of our motion prediction method regarding variations in breathing pattern.
Experiments were set up to determine the influence of the number of time prediction
steps on the accuracy of the model.

Materials & Methods

Data

MR data were acquired of four healthy volunteers. In accordance with local regulations
in the hospital, the volunteers were screened for contraindications and asked to sign an
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Table 1: MR data acquired on volunteers.

Breathhold Multi-slice Single-slice
Scan parameters . .
volume scan dynamic scan dynamic scan
Acquisition 3D Multi-slice 2D + ¢ Single-slice 2D + ¢
Orientation Transversal Sagittal Sagittal
Technique T1-TFE T1-TFE T1-TFE
TE (ms) 1.8 1.8 1.8
TR (ms) 3.9 3.9 3.9
Flip angle(®) 30 30 30
Voxel size in-plane (mm?) 2x2 2x2 2x2
Slice thickness (mm) 4 8 8
Slice gap (mm) -2 15 N/A
Acquisition matrix 256 x 256 256 x 256 256 x 256
Number of slices 100 6 1
Number of dynamics N/A 200 150
Half-scan in-plane factor 0.7 0.7 0.7
Half-scan through-plane factor 0.85 0.85 0.85
Fat suppression SPAIR SPAIR SPAIR
Total scan duration (s) 22.5 369 46.2

informed consent form. All MRI scans were acquired on a 1.5-T scanner (Achieva,
Philips Healthcare Best, The Netherlands). The volunteers were scanned in prone
position. For each volunteer, a 3D transverse scan was acquired during a breathhold
at inspiration. In addition, a series of 200 2D dynamically acquired sagittal multi-slice
scans with 6 slices was recorded. The six slices were placed at equidistant locations
in the liver, with a gap of 15 mm in between them, as shown in Figures 1 and 2.
The dynamics were acquired interleaved over these six locations. During this scan, the
volunteers were given breathing instructions to obtain the following breathing modes:
fast breathing (0.60-0.80 Hz), slow breathing (0.10-0.25 Hz), sudden breathhold and
regular breathing (0.20-0.25 Hz). The volunteers were instructed to breathe normally
for 10 s, then increase their breathing frequency for the next 10 s, breathe slowly for 10 s,
perform a sudden breathhold of 5 s and then breathe normally for the last 10 s. Finally,
a sagittal single 2D dynamic slice sequence was acquired, which was identical to the
scan acquired with the dynamic protocol mentioned above with the same orientation.
This series consisted of 150 dynamics and was acquired at a different location in the
liver, for validation of the model. A breathing signal was recorded during all scans
using a respiratory belt. In Table 1, an overview of the scan parameters for these three
acquisitions is presented.

Methods

Building of the model For all subjects, a liver motion model was built based on the 3D
volume data and the multi-slice dynamic scan. This resulted in a look-up table typically
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Figure 2: The six dynamic slices.

consisting of 20 possible liver states: 10 during inspiration and 10 during expiration.
These liver states were represented by full 3D transformations, consisting of a rigid
motion component and a deformation. It was assumed that the normalized feet-head
(FH) translation of the liver, together with its direction, could be used to distinguish
each liver state in the model. Based on this value, for every new liver image, the most
similar state can be obtained from the model. Its corresponding 3D deformation field
can then be used to deform the image according to this state. For details on the model
construction, we refer to our earlier work [6].

In this work, the model was built in different configurations. First of all, the
exact same method was used as described in our previous work [6], where a simulated
navigator signal, since acquiring an actual navigator in the same imaging sequence that
was used for dynamic imaging could not be realized, was used to measure the translation
of the liver in feet-head (FH) direction and spatial motion prediction was performed
(configuration N). In addition, the model was built using a recorded respiratory signal
instead of a simulated navigator signal. In this configuration, not only spatial prediction
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was performed, but temporal prediction was also performed for 1 to 4 timesteps ahead,
corresponding to 300 to 1200 ms (configuration R). Finally, the model was also built in
selective configuration, meaning that dynamics with deviating frequency or amplitude
were not contained in the model (configuration RS). Samples were removed if the
respiratory frequency (which was determined by a Fourier transform spectral analysis
within a window of [-5s, 4+5s|) or the amplitude at that time point was more than one
standard deviation above or below the average frequency or amplitude, respectively. As
a result, on average 30% of the samples were removed (keeping 65.7%, 71.2%, 80.3%
and 60.0% of the samples for subjects 1 to 4, respectively), which represented extremely
deep inhalations or extremely fast or slow breathing. Samples with smaller irregularities
were still contained in the dataset. This selective configuration was also combined with
temporal prediction dt of 0 to 1200 ms ahead. All configurations are listed below.

e NO: Spatial prediction using a simulated navigator (as was done in [6]): dt = 0 ms.

e R0: Spatial prediction using the breathing signal: dt = 0 ms.

e R300: Temporal prediction using the breathing signal: dt = 300 ms (1 time step).

e R600: Temporal prediction using the breathing signal: dt = 600 ms (2 time steps).

e R900: Temporal prediction using the breathing signal: dt = 900 ms (3 time steps).

e R1200: Temporal prediction using the breathing signal: dt = 1200 ms (4 time
steps).

e RSO: Spatial prediction using the breathing signal, model built in selective
configuration: dt = 0 ms.

e RS300: Temporal prediction using the breathing signal, model built in selective
configuration: dt = 300 ms (1 time step).

e RS600: Temporal prediction using the breathing signal, model built in selective
configuration: dt = 600 ms (2 time steps).

e RS900: Temporal prediction using the breathing signal, model built in selective
configuration: dt = 900 ms (3 time steps).

e RS1200: Temporal prediction using the breathing signal, model built in selective
configuration: dt = 1200 ms (4 time steps).

The look-up table that was created by the model was used for motion prediction on
the sagittal single slice dynamic series that was acquired for evaluation. This sequence
was acquired at a location in the middle of the liver, which was not contained in the
model. The input to the model was the normalized feet-head (FH) translation of the
liver, together with its direction. Based on this value, the current state of the liver could
be linked to the most similar state contained in the model.

Comparing the results of configuration NO with RO reflects the additional error
that is introduced in the practical situation, which relies on the breathing signal instead
of a simulated navigator signal. Comparing the selective configuration (RS) with the
standard configuration (R) yields insight into the influence of differences in the breathing
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pattern during the building of the model. Finally, the influence of the prediction time is
analyzed by comparing the results of the configurations with different prediction times.

Using the model with a navigator signal (N-configuration) In the N-configuration, the
FH-translation values were obtained by simulating a navigator echo, by sampling a 1D
column in each dynamic and tracking the diaphragm in these images. The direction
of the translation could be obtained from the gradient of this simulated signal. The
normalized FH-translation value was calculated for each dynamic in the evaluation
sequence. This value was then used to determine the corresponding liver state of these
dynamics. Each normalized FH-translation value was compared with the average FH-
translation value of each liver state and the state with the closest average value was
assigned to the corresponding dynamic.

Using the model with a respiratory signal (R-configuration)To evaluate the
performance of the model based on the respiratory signal, a relationship needed to
be established between this signal and the FH-translation of the liver, to obtain phase
coherence between the two signals. A breathing signal was obtained with an external
respiratory sensor, which was placed posteriorly (since the subjects were scanned in
prone position), approximately at the average diaphragm position. The position of this
sensor was logged with a frequency of 500 Hz. Logging of the breathing signal starts
before the start of the actual scan, which yields data for calibration of the signal to the
model. Since the dynamic scan acquisition time was 300 ms, the original respiratory
signal was downsampled to match this time step. Next, the average phase shift between
the two signals computed using the data points acquired before the start of the scan.
This shift was then applied to the evaluation respiratory signal. From this relationship,
normalized FH-translation values were obtained. Inspiration states were again separated
from expiration states using the gradient of the translation. The coupling with the model
was then achieved in the same manner as with the simulated navigator signal.

Temporal motion prediction In addition to spatial prediction, temporal prediction of
the liver motion was performed. The temporal resolution of the dynamic sequence was
300 ms. The limitations of the prediction were investigated by varying the prediction
time. Results were generated for time steps of 0 ms (spatial prediction only), 300 ms,
600 ms, 900 ms and 1200 ms. This temporal prediction was performed using an extended
Kalman filter, which has been shown to yield robust predictions for non-linear motion
(7, 8,9, 10, 11, 12]. The Kalman filter is a recursive prediction filter, that assumes
the state of a process at a certain time point can be predicted based on its previous
states. The extended Kalman filter is the non-linear variant, which locally uses a linear
approximation of the motion. In this case, it was assumed the liver motion could be
approximated by a driven harmonic oscillator, based on the assumption that its periodic
motion is caused by the periodic pattern of the breathing [13, 14], which in turn induces
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motion of the diaphragm. In this case, the following equation of motion applies:
wor + B+ @ = (1)

with x representing the position, wy the angular frequency, [ a friction coefficient and
f the driving force. Following the approach in [9], the current state of the motion is
described by the state vector s; = (z(t),v(t), f(t)), describing the position, velocity
and driving force at a certain time point. Using Equation 1, the time evolution can be
written as:

0s

Assuming f = 0 in a short time frame, since nothing is known about the driving force,
we obtain the matrix A:

0 1 0
—wd —f 1
0 0 0
Time evolution for a short time interval At is then given by the matrix exponential:
o(At) = 2. (3)

Let F' := ¢(At) define the time evolution matrix for a certain time step. Then Equation
2 can be written in a recursive form as:

sy = Fsp_q. (4)

In practice, an additive noise term w,, describing the process noise, should be taken into
account:

St = FSt,1 -+ wy. (5)

This noise term is expected to be normally distributed with zero mean and covariance
Q.

The Kalman filter can be used to predict the state vector s at a certain time
point, based on the previous time point. The Kalman filter comprises two phases: the
prediction phase and the update phase. In the prediction phase, an estimate of the
state at the next time point is made, based on the model that was used as an input.
Equation 4 describes the ideal case when no noise is present. This equation is used to
predict the a priori state sy;—; based on the previous state s,_,—;. In addition, an a
priori estimate of the covariance matrix P;, reflecting the expected prediction error, is
made. The prediction step thus contains the following two calculations:

Sjp—1 = F'si_1p—1 (6)
Py = Fptfl|t71FT +Q. (7)
In our example, we defined () as:
0.1 0 0

0 01 0
0 0 1
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such that errors were attributed to the force more heavily than to the position and the
velocity. This was done since this force should represent the causes of all unpredictable
short-term additional variations in the motion pattern, such as surrounding organ
motion and changes in the breathing pattern. These values were set after performing a
few experiments on records that were not used for evaluation.

In the update step, the state vector is updated based on a new measurement, taking
into account possible observation noise. The measured state z; is described as:

Zt = H§t + Tt (8)

where H, is the measurement matrix and r; is the observation noise. This observation
noise is also expected to be normally distributed with zero mean and covariance R. In
this case, the measurement matrix H was given by H = (1,0,0), since only position
was measured. The observation error covariance R was set to (0.2,0,0), reflecting the
estimate that the error margin in measuring the normalized FH-translation might be
approximately 20%. This should include both the error in the relationship between the
breathing signal and the liver motion, as well as the error resulting from the registrations.
Before each update, the residual y,; is calculated, which is the difference between the
measured state and the state that would have been measured in case of an accurate
prediction:

Y=z — HSyi (9)
The residual covariance is given by:
Sy=HPy_H"+ R (10)

The a posterior: state estimate given by the update step, is based on both the a priori
estimate from the prediction step and the measured state in the update step. Based on
the covariance matrices P and S, a weighting is found between both factors in order to
yield a new state estimate. This balance, which reflects the confidence in the prediction
versus the confidence in the measurements, is described by the optimal Kalman gain:

K= Py H"S* (11)
Once the optimal Kalman gain is calculated, the update step gives the a posteriori state
estimate and the a posteriori covariance estimate:

Si1¢ = Seje—1 + Ky (12)

Py = (I~ KH) Py, (13)

To predict more than one time step ahead, several consecutive prediction steps are
performed for each time point, before an update step is performed.

FEvaluation

The liver motion model yielded a look-up table, containing deformed liver volumes,
representing liver motion and deformation throughout an average breathing cycle. From
each of these deformed volumes, an interpolated slice was taken at the same location



Subject-specific liver motion modeling in MRI: a feasibility study 9

as the dynamic evaluation sequence. This slice was then compared with the actual
state of the liver, represented by the evaluation sequence. Quantitative evaluation was
performed by computing the Dice coefficient between the actual and predicted liver
mask, the median surface distance between the actual and predicted liver boundary
and by comparing the predicted blood vessel center positions with the actual center
positions. Since this process was time-consuming, this was done for 20% of the dynamics
(30 dynamics) for every subject. The details are explained below.

Model performance in all configurations To evaluate the performance of the model
quantitatively, semi-automatic segmentations of the liver were created directly on the
dynamic evaluation slices, using an active contour algorithm [15], followed by manual
correction for leaking. A liver segmentation was created in the same way on the
interpolated slice taken from the original volume. This mask was then deformed
according to the deformation fields yielded by the model, to generate the ground truth
liver masks. The Dice coefficient between these masks was computed to compare their
similarity.

The blood vessel misalignment was computed by comparing blood vessels in the
actual dynamic image and the predicted image. Both images were binarized using a
manually set threshold to yield a blood vessel segmentation. Only vessels that were
visible in both images were compared. The number of vessels could differ per dynamic
and consequently, evaluation was performed on a varying number of vessels (two to five).
For each vessel, the center of mass was computed on both images, and the FEuclidean
distance between these two points was calculated to obtain the vessel misalignment in
millimeters. Unfortunately, the shape of the vessel profile could be different between
the two images, as a consequence of pulsatility and inflow effects, causing through-plane
motion. Consequently, an additional error was introduced by comparing the centers
of mass of the vessel profiles. This should be considered when evaluating the vessel
misalignment.

The outcomes of the model in the different configurations were used to compare the
performance of building the model based on a navigator signal (NO) or on the respiratory
signal (R0). In addition, a comparison was made between spatial prediction based on
the respiratory signal (RO/RS0) and prediction for 1 to 4 time steps ahead (R300,
R600, R900, R1200/RS300, RS600, RS900, RS1200). Finally, a comparison was made
between including all liver states that occurred during the building of the model (R-
configuration) and by only selecting liver states that did not represent extreme situations
(RS-configuration).

1.0.1. Separating internal errors in the model from Kalman prediction errors during its
use The final prediction error of the liver motion model results from two independent
errors: registration errors and errors in signal prediction by the Kalman filter. It is
assumed that the recording of the breathing signal was sufficiently accurate, so that
possible errors introduced by this process could be considered negligible. Registration
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errors occur in the process of building the model. These errors result in incorrect FH-
translation values, which cause errors in the assignment of a sample to a particular
breathing state. Moreover, additional errors in the deformable registration step cause
inaccuracies in the deformation fields of the cluster. Therefore, registration errors
influence the accuracy of the look-up table.

Errors originating from the Kalman filter affect the model performance by
introducing errors in the use of the look-up table. These errors cause an incorrect
prediction of the respiratory phase and therefore the corresponding sample is linked
to an incorrect FH-translation value. Consequently, the wrong cluster is assigned to
this sample and the deformation applied at this time point is incorrect. Errors in
signal prediction become significant when they are larger than half the distance between
different model states. Typically, this distance was found to be approximately 20% of
the normalized respiratory amplitude. The entire motion range is twice as large as the
amplitude, therefore this corresponds to 10% of the normalized range.

To investigate the influence of the extended Kalman filter on the final model
prediction error, a separate evaluation was performed on signal prediction. Three
evaluations were performed on the Kalman filter:

e The Kalman prediction errors were computed for all evaluation sequences, for the
time steps of 300, 600, 900 and 1200 ms. These errors reflect the additional temporal
prediction error, on top of the internal spatial prediction error, that can be expected
when using the model in a clinical setting. To measure the Kalman prediction error,
the difference between the actual normalized respiratory position and the predicted
normalized position was computed for all samples. Because both signals had been
normalized, the absolute respiratory amplitude was measured for all subjects, so
that the Kalman prediction error could be translated to a final prediction error in
millimeters.

e The Kalman filter performance in extreme situations was analyzed, to investigate
the maximal prediction error that can be expected in a practical situation.
Therefore, the Kalman prediction error was computed on the outlier samples in
the dataset that was used to build the model. These extreme situations were:
a deep inhalation, a sudden change in breathing frequency, and a sudden stop.
Again, the Kalman prediction errors for time steps of 300, 600, 900 and 1200 ms
were computed.

e To investigate if a larger Kalman prediction error indeed leads to less accurate
results in the end, the correlation coefficients between the Kalman filter error
and the errors in the Dice coefficient, the median surface distance and the blood
vessel positions were calculated. The corresponding P-values were computed to
investigate the significance of the correlation between prediction errors in the
Kalman filter and resulting errors in the final results. In addition, the influence
on the final model prediction outcome was inspected, by separating the results of
samples with a Kalman error below and above 0.2. A Kalman error of 0.2 was
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Figure 3: Dice coefficients of a comparison between the actual liver masks on 30 dynamic
evaluation slices and the predicted liver masks. The different colors represent the four
different subjects.
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Figure 4: Median surface distance in mm between the actual liver boundaries on 30
dynamic evaluation slices and the predicted boundaries. The different colors represent
the four different subjects.

assumed to correspond to the average distance in FH-position between different
states in the model look-up table.

Results

Figure 3 shows the Dice coefficients obtained for all subjects, using the 11 different model
configurations. For all subjects, method NO yields the highest Dice scores, followed by
method RSO.

In Figure 4, the median surface distance is shown for all subjects and model
configurations. The best performing model configuration for the median surface distance
is NO, followed by RO.

Figure 5 shows the mean vessel misalignment for all subjects and model
configurations. The most eminent difference with the Dice score and the surface distance
are the results for subject 1. Contrary to the positive results of these measures, the
vessel misalignment is the poorest for this subject (4.18 - 4.70 mm). On average, the
best performing model configuration is again NO, followed by RSO.
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NO RO R300 R600 R 900 1200 RSO RS300 RS600 RS900 RS 1200
Model configuration

Vessel center prediction error (mm)
o = N w = (4] o ~ o]

Figure 5: Vessel misalignment in mm between the actual vessel centers on the dynamic
evaluation slices and their predicted positions. The different colors represent the four
different subjects.

Table 2: Average and standard deviation of results for all subjects, computed for all
model configurations.

Model configuration Dice coefficient Median surface distance (mm) Vessel misalignment (mm)

NO: 0.958 £ 0.022 1.33 £ 0.59 291 £1.28
RO: 0.945 £ 0.016  2.01 £ 0.33 3.42 £ 1.09
R300: 0.944 £ 0.020  1.99 £+ 0.54 3.33 £ 0.90
R600: 0.943 £ 0.021  2.08 £+ 0.56 3.53 £ 0.89
R900: 0.938 £ 0.022  2.27 £+ 0.62 3.76 £ 0.91
R1200: 0.936 £ 0.025  2.40 £ 0.79 4.01 + 1.04
RSO0: 0.944 £ 0.016  2.04 £ 0.37 3.25 £ 0.95
RS300: 0.942 £ 0.018  2.15 £ 0.47 3.31 £0.72
RS600: 0.942 £ 0.021  2.09 £ 0.53 3.45 + 0.70
RS900: 0.939 £0.022  2.24 £ 0.63 3.70 = 0.82
RS1200: 0.937 £0.023 238 £0.71 3.83 = 0.81

Table 2 shows the performance for all model configurations. For all three measures,
spatial prediction based on a simulated navigator (model configuration NO) yields better
results than spatial prediction based on the respiratory signal (RO and RS0). The
other configurations are all based on the respiratory signal, with differences in forward-
prediction time. It is clear that, for the Dice coefficient, the median surface distance and
the blood vessel misalignment, a larger time step in prediction yields a lower accuracy
in the results. This holds for both the R-configurations and the RS-configurations.
Finally, the RS-configurations yielded better results for blood vessel prediction than the
R-configurations. The Dice coefficient and the surface distance were similar for both
configurations.

We analyzed the errors in the extended Kalman filter separately by computing the
absolute differences of the normalized respiratory amplitudes predicted by the Kalman
filter and the actual values obtained from the respiratory signal. This was done for the
time steps of 300, 600, 900 and 1200 ms. These results are show in Figure 6. The results
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Figure 6: The Kalman prediction errors, as fractions of the normalized respiratory
amplitudes, plotted against the prediction time step. The different colors represent the
4 different subjects.

Table 3: Kalman prediction errors (fractions of the normalized amplitudes) in extreme
situations.

Time step (ms) Frequency change Sudden stop Deep inhalation

300 0.69 [0.63-0.75] 0.41 [0.26-0.49]  0.74 [0.59-1.00]
600 0.95 [0.87-1.08] 0.53 [0.26-0.69]  0.95 [0.87-1.02]
900 1.09 [1.01-1.23] 0.62 [0.31-0.86]  1.06 [0.91-1.23]
1200 1.06 [1.03-1.08] 0.71 [0.30-0.92]  1.19 [0.91-1.34]

show that the Kalman error increases with a larger time step for all subjects.

In addition, the performance of the Kalman filter was tested in extreme situations
(see Table 3). It was found that the errors produced by the Kalman filter increased
with a larger prediction time step. Also, they could be higher than the normalized
amplitude. For sudden frequency changes and deep inhalations, the errors were caused
by a relatively small phase shift, which could result in large amplitude errors. For the
sudden stops, these errors were caused by the sudden change of the amplitude. It was
found that the Kalman filter was able to correct these errors in 3.6 to 4.5 seconds. Figure
7 shows the Kalman filter errors for a sudden stop.

The correlation coefficients between the Kalman prediction errors and the errors
in our final results were computed. These results are presented in Table 4. The
correlations that were calculated for each subject separately show that correlations
were found for subjects 2 to 4. However, for subject 1, no significant correlations
were found for all measures. The bottom row shows the correlation for all subjects.
As expected, a negative correlation exists between the Kalman prediction error and
the Dice coefficient, whereas the correlation is positive for the median surface distance
and the vessel misalignment. All these correlations are significant, as indicated by the
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Figure 7: Sudden stop during Kalman prediction.

Table 4: The correlation coefficients r and their significances (P-values) between the
Kalman prediction error and model outcomes.

Dice coefficient Median surface distance  Vessel misalignment
Subject r P-value r P-value r P-value
1 -0.0965 0.1361 0.077  0.2344 -0.0385  0.5527
2 0.4295  3.440E-12 0.4204 1.073E-11 0.4518  1.799E-13
3 -0.4669 2.143E-14 0.4623 4.138E-14 0.5275  1.367E-18
4 -0.2989 2.413E-06 0.3071 1.24E-06 0.3234  3.031E-07
Total -0.2144 1.898E-11 0.2100 4.952E-11 0.2557  8.64E-16

P-values, for all of which holds: P <« 0.05.

The performance of the model on samples with a small Kalman error (< 0.2) and
a large Kalman error (> 0.2) is presented in Table 5. This evaluation was performed on
the R300-R1200 and RS300-RS1200 configurations only, since the other configurations
did not employ Kalman prediction. The differences in the Dice coefficient run from 0 for
R300 to 0.016 for R1200. For the median surface distances, the differences between the
two groups vary between 0.01 mm for RS300 and 0.61 mm for R1200. The difference in
performance is most visible in the vessel misalignment results, which show an average
difference of 0.7 mm between both groups.
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Table 5: Comparison of averages outcomes for a Kalman error smaller and larger than
20% of normalized amplitude.

Model multicolumn2c— Dice Median surface ‘ Vessel

configuration coefficient distance (mm) ‘ misalignment (mm)
Kalman error < 0.2. > 0.2 < 0.2 > 0.2 < 0.2 > 0.2

R300 0.944 + 0.026 0.944 + 0.019 1.97 £ 1.04 2.05 £ 0.90 3.11 + 1.32 3.94 + 1.67
R600 0.945 4+ 0.027 0.938 4+ 0.028 1.93 £+ 0.96 2.35 + 1.26 3.29 + 1.57 3.96 4+ 1.70
R900 0.943 + 0.028 0.932 + 0.036 2.03 + 1.08 2.57 £ 1.67 3.50 £ 1.76 4.11 £+ 1.99
R1200 0.945 + 0.030 0.929 + 0.035 2.05 + 1.18 2.66 £+ 1.59 3.61 £+ 1.60 4.31 £+ 2.20
RS300 0.941 + 0.026 0.942 + 0.018 2.14 £+ 1.07 2.15 + 0.83 3.14 £ 1.55 3.78 + 1.58
RS600 0.945 + 0.027 0.938 £ 0.027 1.96 £ 0.97 2.32 + 1.24 3.27 £+ 1.81 3.77 + 1.46
RS900 0.943 + 0.028 0.933 £ 0.036 2.05 £ 1.09 2.48 + 1.63 3.37 = 1.71 4.13 + 2.15
RS1200 0.944 + 0.031 0.931 £+ 0.031 2.14 £ 1.25 2.56 + 1.40 3.45 £+ 1.39 4.11 + 2.05
Discussion

The main goal of this paper was to investigate the clinical potential and the limitations
of the liver motion model we proposed in [6]. For this purpose, different situations
were evaluated. Firstly, a comparison was made between building the model based on a
simulated navigator signal (as was the case in the aforementioned paper) and based on
a respiratory signal. Secondly, we compared the performance of spatial prediction with
forward-prediction for 1 to 4 time steps (300 to 1200 ms). Thirdly, we analyzed the
influence of removing extreme situations, as could be detected in the respiratory signal
that was used during the model building process. Finally, we evaluated the Kalman
filter performance for all samples and also separately for extreme situations.

The results for the NO configuration were in line with the results that were obtained
in our previous work [6], with an average Dice coefficient of 0.96, an average median
surface distance of 1.3 mm and an average vessel misalignment of 2.9 mm. For the first
subject, the Dice coefficient and median surface distance yielded good results compared
with the other subjects, while the vessel misalignment was the poorest for this subject.
It seemed that the internal liver deformation for this subject was relatively large, which
affects the registration accuracy during the building of the model. Small prediction
errors may have a larger effect in this subject as well, since the deformation fields
between different model states show larger differences, yielding a relatively large error
when selecting a wrong state from the look-up table.

For all three measures, the navigator-based model (NO) outperformed the
respiratory-based configurations. A difference of 0.013 was found for the average Dice
coefficient, whereas the average median surface distance increased with 0.68 mm and
the average vessel misalignment increased with 0.51 mm (see Table 2). This should
be expected, since the navigator yields a direct measurement of liver displacement, in
contrast to the respiratory signal. However, this simulated navigator could only be
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calculated offline after the data acquisition and did not yield a measure that could be
used during treatment. As mentioned before, a 4D dynamic sequence with a built-in
navigator echo signal would probably be the optimal solution, but this is difficult to
realize in practice. Using the respiratory signal as an indirect measurement of liver
motion is the most practical solution. To translate the respiratory amplitude and
phase to the corresponding position in the liver motion cycle, a relationship needs to
be established between them. In this work, we analyzed the phase difference between
both signals on the part of the breathing signal that was acquired before the start of
the scan and used this phase delay to shift the respiratory signal. An additional error
of the model is expected in this case.

From Table 2, it is clear that a larger prediction time yields less accurate results.
This additional error can be attributed to the Kalman filter. Temporal prediction of
more than one time step is achieved by not updating the Kalman filter after every time
step, but instead performing the prediction step several times consecutively. Comparing
the results for a time step of 0 ms to a time step of 1200 ms, the Dice coefficient
decreased with 0.85%, the median surface distance increased with 20.6% and the vessel
misalignment increased with 20.4%. This indicates that prediction of almost 1 s ahead
is feasible. Even though the errors increased, a mean vessel misalignment of 4 mm could
still be obtained. Since an additional margin of 0.5 to 1.0 c¢m is taken into account in
clinical practice [16], this is still a promising result for application in the clinic.

Excluding extreme situations from the model building process (RS-configuration)
yielded slightly better results than including all samples (R-configuration). The increase
in performance was small however, since the model probably suffered from the fact that
a significant part of dynamics were missing, yielding fewer states in the final model
due to the grouping process. In a clinical setting, a patient would be sedated, such
that no considerable irregularities should be expected in the breathing pattern during
treatment. In these experiments, the RS-configuration and the R-configuration had
similar performance, indicating that the presence of irregularities does not necessarily
have a significant influence, provided that sufficient samples are present to average out
their effects.

The performance of the signal prediction by the extended Kalman filter was
evaluated separately. The results show that these errors increase with a larger time
step. As shown in Figure 6, the median error value for a prediction time step of 300
ms is well below 20% of the normalized amplitude, which is considered a small error,
since this corresponds to the average distance between two consecutive model states.
Although this error increases with a larger time step, for three of the four subjects, the
median Kalman error is still approximately 0.2 for a prediction time step of 1200 ms.

In extreme situations, the average Kalman error was found to vary between 0.41 and
1.09. Such errors typically lead to misalignments of 8 to 20 mm. For a sudden stop in the
breathing pattern, the Kalman filter typically needed 3.6 to 4.5 seconds to recalibrate.
For changes in frequency and sudden deep inhalations, the errors were mainly caused
by small phase differences and were corrected in less than a second. Depending on the
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treatment for which the model is used, it should be decided if the change in delivered
dose resulting from these errors (either heat or radiation) is acceptable for the patient.
It is also possible to stop the treatment as soon as such outliers are detected, since the
Kalman filter updates continuously, such that errors can be checked in real-time. It
might be feasible to improve the final results by using a more complex Kalman filter
implementation, for example by approximating the motion by a combination of harmonic
functions with different frequencies, instead of only one.

Comparing the results for samples with a Kalman prediction error larger than 0.2
and a prediction error smaller than 0.2, we observed that a larger Kalman prediction
error leads to a larger final error. This is also confirmed by the correlation values (Table
4), which show a strong correlation between the Kalman error and the final errors in the
model. The difference in average errors in Table 5 is smaller than the additional error of
4 mm that is expected with a Kalman error of 0.2. This suggests that registration errors
and grouping errors are present in all samples, and these decrease the difference between
samples with a Kalman error smaller than 0.2 versus samples with an error equal to or
larger than 0.2. Overall, the temporal prediction using a Kalman filter based on the
respiratory signal adds a vessel misalignment error of 0.3 to 1.1 mm.

Conclusion

In this paper, the practical limitations and the performance in a more applied setting
were evaluated of a liver motion model based on registration of dynamic slices. This
model was first proposed for spatial prediction in our earlier work [6] and was extended
to temporal prediction based on a respiratory signal in this work. An extended Kalman
filter based on harmonic motion was implemented to predict the liver translation into
the future. The original implementation, using a simulated navigator signal, was
compared with an implementation based on the respiratory signal. Forward-prediction
was performed for four time intervals of 300, 600, 900 and 1200 ms. In a clinical setting,
the necessary prediction time would probably not be more than 1 s, since this is the
typical time needed for feedback to the HIFU system and mechanical adjustment of
the beam. However, many systems make use of electronical steering, in which different
transducer elements are switched on and off throughout the treatment to adjust the
HIFU focus. With such a system, only tens of ms [17, 18] would be needed to update
the beam configuration. In that case, the prediction time step of 300 ms would already
be sufficient. The errors caused by the Kalman prediction were evaluated separately and
performance in extreme situations was investigated. The results showed that extreme
errors could occur, but that the Kalman filter was also able to correct these errors in a
few seconds. On average, a prediction of 300 ms to 1200 ms ahead yields an additional
vessel misalignment error of 0.3 to 1.1 mm. This leads to a total average error of 3.3 to
4.1 mm, which could still be acceptable for clinical use.
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