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Abstract 

Breathing-induced tumor motion during radiation therapy can be compensated either by 
gating or correcting the pointing of the radiation beam, but these techniques involve time 
delays in the corrective response. We have analyzed the accuracy of adaptive filter 
algorithms in predicting tumor positions with sufficient lead time to compensate for these 
systematic delays. Tumor and chest motion during respiration has been recorded 
fluoroscopically for lung cancer patients, using gold fiducials implanted in the tumors to 
enhance visibility. The motions been analyzed for predictability up to 1.0 second in 
advance using tapped delay line, Kalman filter, and neural network filter algorithms. 
Breathing patterns are not stationary in time. Both internal tumor and external chest 
movement can show amplitude and period modulations during a 30 second interval. 
Tapped delay line and other stationary filters cannot compensate for the changes and 
consequently have poor predictability. The predictive accuracy of adaptive filters has 
little dependence on the type of algorithm, but depends mainly on the frequency of 
updating and deteriorates rapidly when predicting more than 0.2 seconds in advance of 
the breathing signal. Longer-period (e.g., 30 seconds) variability in breathing requires 
fTequent adaptation of the filter parameters. 
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1. Introduction 

Many internal tumor sites move with breathing. Lung tumors have been observed to 
move by 5 mm to 25 mm during regular breathing; the pancreas is known to move by up 
to 35 mm. If breathing motion is not restricted or compensated, dose margins must be 
enlarged to ensure complete irradiation of the target volume. This increases the exposure 
of healthy tissue and limits the total dose to the tumor. 

The approximately regular pattern of normal breathing suggests it may be possible to 
devise tracking schemes to monitor the tumor position during free breathing and make 
continuous adjustments in the alignment of the radiation beam. This could be done by 
shifting the aperture of a multi leaf collimator or moving a robotically mounted linear 
accelerator in synchrony with the breathing cycle. However, any adaptive response in 
beam delivery will be delayed with respect to the signal of the tumor's position. The 
delay can range from 50 ms for a signal to interrupt the beam cycle [I] to as much as 0.8 
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seconds to mechanically reposition a linear accelerator. [2] This represents a familiar 
problem in adaptive signal processing for closed-loop control systems. 

If a tumor's breathing-induced cycle of movement were perfectly uniform and regular, so 
that its time average over any interval was independent of the averaging interval (i.e., the 
time series was stationary) then simple fixed delay-line filters would be able to predict the 
motion arbitrarily far into the future after sampling a short interval. Unfortunately, 
decades of research into breathing behavior show that breathing is not stationary. [3] One 
consequence of this is that the simultaneous movement of different anatomical structures 
does not settle into an equilibrated state of coupled simple harmonic motion, but instead 
shows a sometimes complex pattern of phase differences and time-changing temporo
spatial correlations. Conversely, the presence of phase differences and complex 
correlations is a signal of instability in the breathing cycle. 

We have begun a study of this problem by addressing three questions -

(1) what is the motion pattern of the tumor like during free breathing, and how does it 
relate to the motion of other anatomical structures? 
(2) what signal processing concepts can be used to predict breathing motion with enough 
lead time to accomodate typical delays in adaptive response? 
(3) how accurately can one predict the internal tumor position, as a function of lead time? 

These questions impact all strategies for detecting and adaptively compensating breathing 
motion, including continuous monitoring of the tumor via fluoroscopy [4], monitoring via 
external breathing signals [5], or some combination of the two [2]. 

2. Method and materials 

2.1 Clinical breathing data 
Four radiosurgery patients were imaged fluoroscopically during free breathing to record 
the respiratory motion of the treatment target. Three of the patients had lung tumors and 
one patient had pancreatic cancer. All four treatment sites were marked by small gold 
fiducials implanted in the tumor, making the tumor motion easily visible under 
fluoroscopy. Each patient also had external radio-opaque markers attached to the chest to 
record external breathing motion synchronously with the tumor. The pancreatic cancer 
patient and one lung patient were imaged continuously for 60 seconds. The other two 
lung patients were each imaged continuously for three consecutive 60 second periods 
separated by three-minute intervals, to sample breathing motion over a time span of nine 
minutes. The fluoroscopic sessions were recorded on videotape for later analysis. 

Each fluoroscopic study was analyzed frame-by-frame to extract the (x,y) coordinates of 
each internal fiducial and each external chest marker. The resulting data for each patient 
comprised simultaneous time series for the motion of the internal and external markers. 
This provided data to document the internal motion pattern of the tumor, the temporal and 
spatial relationships between the tumor's motion and other breathing indicators, and the 
temporal characteristics of the respiratory cycle. 
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For each patient the temporal relationship between the tumor and external marker motion 
was graphed to display the phase difference between the two moving sites. The data for 
the two longest fluoroscopic studies were analyzed further to detect long-period changes 
in the breathing pattern and to test the predictability of the motion patterns. 

2.2 Motion prediction and correlation filters 
The conventional tool for predicting a signal based on its past behavior, or based on 
another correlated signal, is the adaptive filter. A linear stationary filter models the 
output signal as a linear combination of samples of the input signal, using a fixed set of 
coefficients to weight the input samples. A linear adaptive filter models the output signal 
as a linear combination of input signal samples using an updating algorithm to 
continuously adjust the weighting coefficients to adapt to changes in the input signal 
pattern. A nonlinear neural network filter models the input/output transfer function as a 
network of adaptable neurons that are trained from past input/output data to predict future 
or correlated signal behavior. 

Using data from the fluoroscopic studies, the internal tumor motion was analyzed for 
temporal predictability using two methods: (1) a linear adaptive filter updated by the 
Least Mean Squares (LMS) method and a neural network adaptive filter. Then the 
correlation between external and internal motion was analyzed for predictability using a 
stationary linear filter, a linear adaptive filter updated by the LMS method, a linear 
adaptive filter updated by the Sequential Regression (SER) algorithm, and a neural 
network filter. Finally, the combined problem of predicting the respiratory motion of the 
external marker ahead in time and then using that result to predict the internal target 
position (also advanced in time) was analyzed, again using linear LMS and neural 
network filter algorithms. 

The accuracy of the prediction and correlation filters was quantified by the normalized 

Root Mean Square Error (nRMSE). If Xi is the signal sample we wish to estimate, and x/ 
is the filter's estimate of the signal sample, then nRMSE is defined as 

nRMSE 
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Figure I - The time series for the motion of a lung tumor in the inferior/superior direction 
(top plot) and the motion of the external chest surface in the anterior/posterior direction 
during a 50 second fluoroscopic imaging study. 

where Pi = (liN) LXi 

Thus nRMSE = 100% corresponds to a fixed prediction at the mean of the signal - i.e., a 
prediction that aims at the average position of the moving target. If the predictor is 
tracking the tumor to within 10% of the maximum displacement during free breathing, 
then nRMSE = 28%. 

3. Results 

We will present here the observations for one lung cancer patient. Figure 1 shows the 
recorded position of the external chest surface (top trace) and the lung tumor (bottom 
trace) for a period of 50 seconds of free breathing. There is 20% variability in the period 
and up to 60% variability in the amplitude of the chest and tumor motion. The relative 
phase of the two motions fluctuates systematically in time with approximately a 30 
second cycle. This indicates that the breathing cycle is not in simple harmonic 
equilibrium and is not stationary. Therefore tracking it will require a filter that can 
continuously adapt to the changing temporal relationship. 

We have analyzed the predictability of the chest motion up to 0.8 seconds in advance 
using various adaptive filters as signal predictors. We have analyzed the predictability of 
the tumor position given the chest surface position using adaptive filters as correlators of 
the two signals. Finally, we have analyzed the combined process of predicting the 
external chest motion and then correlating it with the internal tumor position. The results 
of these tests are presented in Table I. For comparison, we note that if one uses a pure 
sinusoidal breathing pattern, the error nRMSE is zero for the sampling frequency and 
observation period used in these measurements. 
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Figure 2 illustrates the combined prediction and correlation result by showing the 
predicted tumor position in parallel with the known tumor position, with the error in the 
predicted position indicated by the shaded region between the two curves. 

22 24 26 28 30 32 34 36 38 40 42 
TIme (s) 

Figure 2 - The predicted (thin line) and actual (thick line) positions ofa lung tumor for a 32 second 
period, using the LMS linear adaptive filter algorithm to predict the external marker position ahead 
by 0.8 seconds and then to predict the tumor position from the anticipated external marker position. 
The error in the prediction is highlighted by the shaded area between the two time series and 
corresponds to nRMSE = 39.6%. 

4. Discussion and conclusions 

This study has documented the potential variety and complexity of tumor motion during 
free breathing, paying attention to three fundamental characteristics - (I) the temporal 
pattern of the breathing cycle over time periods relevant to conventional and hypo
fractionated radiotherapy; (2) the spatial relationship between the tumor position and 
external signals of breathing that might be used as surrogates to predict the tumor 
position; and (3) the timing relationship between external breathing indicators and the 
internal tumor's motion. Secondly, it has tested prospective schemes to predict tumor 
motion while accomodating the inevitable delay between detecting and responding to a 
change in tumor position. From the early data we observe that: 

(1) During free breathing, different parts of the anatomy can move with different temporal 
and spatial relationships. These relationships can change with time. Thus tumor motion 
cannot be expected to have a linear and stationary relationship with external breathing 
indicators. A stationary linear filter predicting ahead in time or correlating tumor with 
chest wall motion gives a poor result because it is unable to adapt to the changing patterns 
of breathing. 
(2) Breathing is not strictly periodic. Therefore (in contrast to a true periodic motion) it 
cannot be predicted exactly even when using adaptive filters. 
(3) When adaptive filters are used to predict breathing, the performance deteriorates 
sharply beyond about 0.2 seconds. 
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(4) When adaptive filters are used to correlate tumor with chest wall motion, the 
accuracy depends less on the type of filter than on the frequency of updating the fi Iter 
parameters. 

We conclude that one can be cautiously optimistic about the feasibility of real-time tumor 
tracking during free breathing, but considerably more study of breathing motion is needed 
to develop accurate and robust algorithms for the tracking control loop. 

Table - Normalized root mean square error for different filtering situations 

Linear adaptive filter Neural network adaptive filter 

Predict ahead time 
O.2sec 0.5 0.8 Temporal 

Prediction 
(using LMS) 23.1% 48.1% 68.7% 

Spatial 
Correlation fixed 

LMS 
SER 

Prediction 

Time between updates 
O.ls 1.0 5.0 

39.4% 39.4 
25.2 33.1 
28.8 35.9 

39.4 
35.6 
38.4 

Predict ahead time 
0.2s 0.5 0.8 

plus O.ls 26.6% 37.3 39.6 
60.7 
55.2 

correlation 1.0 40.4 54.9 
(using LMS) 5.0 41.1 71.1 

References 

Predict ahead time 
O.2sec 0.5 0.8 

21.6 50.8 61.3 

Time between updates 
O.ls 1.0 5.0 

38.1% 39.5 

Predict ahead time 
0.2s 0.5 0.8 

45.0% 47.4 64.9 
50.3 47.4 64.4 

I. Ohara K, Okumura T, Adisada M. et al. Irradiation synchronized with respiration gate. Int J 
Radiat Oneol Bioi Phys 17: 853-857 1989). 

2. Sehweikard A, Glosser G, Bodduluri M, et al. Robotic motion compensation for respiratory 
movement during radiosurgery. Com put Aided Surg 5: 263-277 (2000). 

3. Priban IP. An analysis of some short-term patterns of breathing in man at rest. J Physiol 166: 
425-434 (1963). 

4. Shirato H, Shimizu S, Kunieda T, et at. Physical Aspects of a real-time tumor-tracking system 
for gated radiotherapy. Int J Radiat Oneol Bioi Phys 48: 1187-1195 (2000). 

5. Keall PJ, Kini YR, Yedam SS, at al. Motion adaptive x-ray therapy: afeasibility study. Phys 
Med Bioi 46: 1-10 (2001). 


