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ABSTRACT
In an idealized gated radiotherapy treatment, radiation is
delivered only when the tumor is at the right position. For
gated lung cancer radiotherapy, it is difficult to generate ac-
curate gating signals due to the large uncertainties when us-
ing external surrogates and the risk of pneumothorax when
using implanted fiducial markers. In this paper, we investi-
gate machine learning algorithms for markerless gated radio-
therapy with fluoroscopic images. Previous approach utilizes
template matching to localize the tumor position. Here, we
investigate two ways to improve the precision of tumor tar-
get localization by applying: (1) an ensemble of templates
where the representative templates are selected by Gaussian
mixture clustering, and (2) a support vector machine (SVM)
classifier with radial basis kernels. Template matching only
considers images inside the gating window, but images out-
side the gating window might provide additional informa-
tion. We take advantage of both states and re-cast the gat-
ing problem into a classification problem. Thus, we are able
to use the SVM classifier for gated radiotherapy. To verify
the effectiveness of the two proposed techniques, we apply
them on five sequences of fluoroscopic images from five lung
cancer patients against the gating signal of manually con-
toured tumors as ground truth. Our five-patient case study
shows that both ensemble template matching and SVM are
reasonable tools for image-guided markerless gated radio-
therapy with an average of approximately 95% precision in
terms of delivered target dose at approximately 35% duty
cycle.
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1. INTRODUCTION
Image Guided Radiation Therapy (IGRT) combines scan-

ning and radiation equipment, to provide images of the pa-
tient’s organs in the treatment position, at time of treat-
ment, optimizing the accuracy and precision of the radio-
therapy. Treatment errors related to respiratory organ mo-
tion may greatly degrade the effectiveness of conformal ra-
diotherapy for the management of thoracic and abdominal
lesions. This has become a pressing issue in IGRT. Respi-
ratory gated radiotherapy holds promise to precisely deliver
a lethal dose to the tumor, while minimizing the incidence
and severity of normal tissue complications, for mobile tu-
mors in the thorax and the abdomen [13]. Respiratory gat-
ing is a method of synchronizing radiation with respiration,
during the imaging and treatment processes. In computer-
driven respiratory-gated radiotherapy, a small plastic box
with reflective markers is placed on the patient’s abdomen.
The reflective markers move during breathing, and a digi-
tal camera hooked up to a central processing unit monitors
these movements in real time. A computer program ana-
lyzes the movements and triggers the scanner (simulation
of treatment), or the treatment beam, always at the same
moment of the respiratory cycle. With this technique, it is
also possible to choose the respiratory phase: depending on
its location, the tumor will be treated during inspiration or
expiration so as to avoid exposure of critical organs. Figure
1 shows an imaging system mounted with two orthogonal
x-ray tubes and fast amorphous silicon flat panels on the
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Figure 1: An example of an on-board imaging sys-
tem for respiratory gated radiotherapy.

gantry of a medical linear accelerator (linac), which is used
in respiratory gated radiotherapy.

Precise target localization in real-time is particularly im-
portant for gated radiotherapy. In gated radiotherapy, the
radiation beam is held at a fixed position, and the beam is
turned ON when the tumor is at the right position (in the
gating window) and turned OFF when the tumor is out-
side the gating window. However, direct detection of the tu-
mor mass in real-time during the treatment is often difficult.
Various surrogates, both external and internal, are used to
identify the tumor position. Depending on the surrogates
used, we categorized the respiratory gating into external
(optical) gating and internal (fluoroscopic) gating. During
gated treatment, the internal or external surrogate signal is
continuously compared against a pre-specified range of val-
ues, called the gating window. When the surrogate signal
is within the gating window, a gating signal is sent to the
linac to turn on the radiation beam.

External gating techniques rely on the correlation between
tumor location and the external surrogates, such as markers
placed on the patient’s abdomen [8, 19]. An example of an
external surrogate is the small box with reflective markers
placed on the patient’s abdomen described in the first para-
graph above. The major weakness in external gating is the
uncertainty in the correlation between the external marker
position and internal target position [13]. Current inter-
nal gating uses internal tumor motion surrogates such as
implanted fiducial markers, as established by the Hokkaido
group [11, 18]. And it has been shown that internal surro-
gates can generate accurate gating signals. However, due to
the risk of pneumothorax, the implantation of radiopaque
markers in patients’ lungs will unlikely become a widely ac-
cepted clinical procedure [15, 1, 10]. Therefore, it is crucial
to be able to perform accurately gated treatment of lung
cancer without implanted markers.

The objective of this work is to generate precise and robust
gating signals from fluoroscopic lung tumor images without
markers via machine learning techniques. In a previous fea-
sibility study, we applied a template matching method to
generate gating signals for lung radiotherapy without im-
planted markers [3]. In this paper, we investigate two ways
to improve markerless gated radiotherapy. Ensemble meth-
ods have been shown to increase the accuracy of weak classi-
fiers [5]. Thus, we explore utilizing an ensemble of templates
as our first approach. Secondly, template matching only con-
siders images inside the gating window, but images outside
the gating window might provide additional information for
improving the precision in localizing the tumor. We assigned
images inside the gating window as “ON” and those outside

Figure 2: Block diagram for showing the process of
the proposed clinical procedure for generating the
gating signal.

as “OFF” classes and re-cast the gating problem into a clas-
sification problem. Then, as our second approach, we apply
a support vector machine (SVM) classifier to gated radio-
therapy. The framework of the proposed clinical treatment
procedure is shown in Figure 2.

We verify the effectiveness of these approaches on five
sequences of fluoroscopic images from five lung cancer pa-
tients against the gating signal of manually contoured tu-
mors marked by a radiologist as ground truth. Our case
study on these five patients shows that both ensemble tem-
plate matching and SVM are reasonable tools for image-
guided markerless gated radiotherapy with an average of
approximately 95% precision in terms of delivered target
dose at approximately 35% duty cycle. This paper presents
a successful case study where machine learning and data
mining algorithms are applied to a real world problem.

The rest of the paper is organized as follows. We start by
describing the gating problem, how data is acquired and pre-
processed in Section 2. Section 3 presents a detailed descrip-
tion of our ensemble template matching method. Section 4
re-frames the gating problem into a classification problem
and provides a solution through SVM. To test our algo-
rithms, Section 5 shows the evaluation metrics and valida-
tion results on five patient datasets. Finally, in Section 6,
we conclude and outline future directions.

2. DATA ACQUISITION AND
PRE-PROCESSING

In this section, we describe how data is acquired and pre-
processed, the first two components during patient set-up in
Figure 2.

2.1 Image Acquisition
In this study, the raw fluoroscopic image data we used

comes from the system called the integrated radiotherapy
imaging system (IRIS) [2], which consists of two pairs of
gantry-mounted diagnostic x-ray tubes and flat panel im-
agers, shown in figure 3. The system can be used to acquire
a pair of real-time orthogonal fluoroscopic images for lung
tumor tracking.

2.2 Building Training Data
Before treatment, a sequence of orthogonal fluoroscopic

images (approximately ten seconds in our experiments) are
taken and used for patient set-up as training images. The
tumor position in the gating window, where the treatment
beam should be turned on, is identified either manually by
a clinician or automatically by matching digitally recon-
structed radiographs (DRRs) from the simulation 4D CT
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Figure 3: The Integrated Radiotherapy Imaging
System (IRIS), used as the hardware platform for
the proposed gating technology in this paper.

Figure 4: Tumor contour and the region of inter-
est (ROI). Left: original fluoroscopic image. Right:
motion-enhanced image.

scan [20]. In this investigation, the images were manually
contoured. A rectangular region of interest (ROI) is then
created in those images (see Figure 4). This ROI is set to
be large enough to contain tumor motion in the training
period.

Lung tumors move primarily due to the patient’s breath-
ing. Typically, the gating window is set at the end-of-exhale
(EOE) phase of the breathing cycle due to its longer dura-
tion and better stability. Figure 5 top left illustrates the
tumor motion in the up-and-down direction as a function of
time. Motion in the left-and-right direction is relatively very
small(1−2mm) compared to the motion in the up-and-down
direction (13 − 18mm). The tumor position is based on the
centroid of the manually contoured image. Tumor in the
lower positions correspond to the exhale phase, and those
in the higher positions correspond to the inhale phase. A
measure of radiation treatment efficiency is the gating duty
cycle, the total time the beam is turned ON divided by the
total time (beam is ON and OFF). Assuming that the de-

Figure 5: The top left figure is the breathing wave-
form represented by the tumor location. To the
left of the vertical dotted line is the training pe-
riod. To the right of the vertical line is the treat-
ment or testing period. Under the horizontal dotted
line (threshold corresponding to a given duty cycle)
is the end of exhale phase. Bottom figures showed
different end of exhale images during the training
session, which are averaged to generate a single tem-
plate.

sired gating duty cycle is given (in our experiments we set it
at 35% and 50% which are typically used in radiotherapy),
a corresponding threshold can be determined to define the
gating window as shown by the horizontal line in Figure 5
top left. All the images in the gating window, i.e., with loca-
tions below this threshold, as shown in Figure 5, are labeled
as EOE images.

2.3 Pre-Processing
We pre-process our images by first applying motion en-

hancement and then reduce the dimensionality by principal
component analysis (PCA).

Motion Enhancement.
We apply a simple pre-processing technique called motion

enhancement [12] on our training images. Given a sequence
of images I [t], where t = 1, · · · , N is the sequence num-

ber. We compute the average image,
PN

t=1 I [t]/N , and the
motion-enhanced image (MEI) is the difference between the

original image and the average image, I [t] − PN
t=1 I [t]/N .

The intuition behind MEI is that the average captures the
static structures and smears the moving structures, thus
the difference will amplify the moving structures. Figure
4 shows the original fluoroscopic image of a tumor in an
ROI together with a motion-enhanced view of it. We see
that the tumor is clearer in the MEI.

Principal Components Analysis.
A typical EOE image has a size of 100 × 100 pixels. This

leads to a dimensionality of size 10, 000. To reduce the di-
mensionality, we apply principal component analysis (PCA)
[14]. PCA finds a linear transformation, Y = AT X, that
projects the original high-dimensional data X with d di-
mensions to a lower dimensional data Y with q dimensions
where q < d, such that the mean squared error between X
and Y is as small as possible. X here is d × N , where N is
the number of data points, and A is a d × q matrix. The
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solution is the transformation matrix A whose columns cor-
respond to the q eigenvectors with the q largest eigenvalues
of the data covariance. It also projects the high-dimensional
dataset to the lower dimensional subspace in which the orig-
inal dataset has the largest variance (i.e., restricts attention
to those directions along which the scatter of the data points
is greatest). PCA is applied only as a pre-processing step
to clustering and to the support vector machine. It is not
applied to template matching in this paper because during
treatment, projecting each image to span{A} is quite time
consuming.

3. ENSEMBLE TEMPLATE MATCHING AND
GAUSSIAN MIXTURE CLUSTERING

In this section, we describe our ensemble template match-
ing method for gated treatment of lung cancer using fluo-
roscopy images. Before we proceed, we define our notations
for clarity: R is the ROI in an incoming fluoroscopic image,
Ti is the ith reference template (such as one of EOE tem-
plates in the EOE gating window), the sign

L
represents

correlation, s is the score used for generating the gating sig-
nal, i.e., g = H(s − s0), where s0 is the threshold score,
H(x) is the Heaviside step function. H(x) = 0 for x < 0
and H(x) = 1 for x ≥ 0. The gating signal g = 1 means
beam ON while g = 0 means beam OFF.

In our previous work, we built a single EOE template
by simply averaging all the motion-enhanced EOE training
images, as shown in Figure 5. During treatment, we com-
pute the correlation score between the reference template
and each incoming MEI. Assuming that the image R and
template T are of the same size m × n, the normalized cor-
relation coefficient (correlation score s) is defined as

s =

P
m

P
n(Rmn − R̄)(Tmn − T̄ )q

(
P

m

P
n(Rmn − R̄)2)(

P
m

P
n(Tmn − T̄ )2)

(1)

Here R̄ and T̄ are the average intensity values of the image
R and template T , respectively. A high correlation score
indicates that the incoming image is similar to the reference
and gating is enabled.

In essence, the template building procedure is to gener-
ate the representative patterns defined in the EOE window.
Then during matching, we use these representatives to rec-
ognize those images who have the same pattern and should
be treated. Therefore, accurate representative templates are
key points leading to accurate gating signals. We have noted
that, only using the mean of EOE training images as the
template, may not be enough. Our experiments showed that
sometimes it leads to erratic gating signals. That is because
the correlation score curve may not be smooth, causing the
gating signal to be noisy at the transition regions.

3.1 Ensemble/Multiple Template Method
Inspired by the success of ensemble methods in improving

the classification accuracies of weak base classifiers [5], we
explore applying an ensemble or multiple template matching
for gating. Hopefully, an ensemble of templates can smooth
out the resulting gating signals. One way of generating an
ensemble of templates is to set each EOE image as a tem-
plate, and a correlation score is computed for each template.
After a set of correlation scores are computed, it is neces-
sary to choose an intelligent way to combine them to get

Figure 6: Ensemble/multiple template method.
Here, each image is an end-of-exhale template. We
match the incoming image with each template and
get a set of correlation scores s1, s2, · · · , sK. Then we
apply a weighted average of these scores to generate
the final correlation score s for gating.

a robust gating signal. There are several ways to combine
the correlation scores (such as, taking the maximum score,
taking the weighted average score). We found that applying
a weighted average gave us the best results. We define these
weights in subsection 3.3. This procedure is explained in
Figure 6. Each image in the figure is an end-of-exhale tem-
plate. We match the incoming image with each template
and get a set of correlation scores s1, s2, · · · , sK . Then we
apply a weighted average of these scores to generate the final
correlation score s for gating.

Although we can use the entire set of motion-enhanced im-
ages in the EOE gating window as reference templates, this
approach is computationally expensive during treatment due
to the need for computing several correlation scores. Many
of the reference templates are very similar. Therefore, we
want to find a way somewhere in between a single template
method and using all the templates, which hopefully has
the merits of both methods, i.e., computational efficiency
and robustness. Here, instead of using all the templates, we
would like to find a set of representative EOE templates.
Ideally, these templates should carry all of the useful infor-
mation of the original frames and discard the noise. Cluster-
ing methods are ideally suited to this task. Clustering algo-
rithms group similar objects together and summarize each
group with a representative template. We will use clustering
to find a small set of templates and apply weighted averaging
to combine the scores. We need to determine the number of
templates and a method to find the clusters.

3.2 Finding Representative Templates by
Clustering

To cluster the EOE templates, we apply Gaussian mixture
clustering [16] to the PCA dimensionality reduced images.
We denote the parameters of this model by Θ. In this model,
we assume that each cluster comes from a multivariate Gaus-
sian distribution, and our data (the image templates) come
from a finite mixture of Gaussians. A Gaussian model as-
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Figure 7: Scatter plot of our image data for patient 4
and 35% duty cycle in 2D with the clustering result.
The ”o” and ”x” each represent different clusters,
with the means represented by the ”∗” symbol in
bold and the covariances in ellipses.

sumes that there is a cluster template and the members of
that cluster are variations of a template. Let X denote our
data set which has d dimensions, and n denote the number
of data points in X, we are trying to group the n data points
into K clusters. Each of the K cluster is represented by its
model parameters, θj = (πj , µj , Σj), where πj is the prior
probability (or mixture proportion) of cluster j, µj is the
mean of cluster j and Σj is the covariance matrix of cluster
j. More formally, we say that the probability of the data
given the model is P (X|Θ) =

PK
j=1 πjP (X|θj)

P (X|θj) =
1p

(2π)D|Σj |
EXP{−1

2
(X − µj)

T Σ−1(X − µj)}

. To estimate the parameters, πj , µj and Σj for each clus-
ter, we apply the expectation-maximization algorithm (EM)
[9]. The EM algorithm alternates through an expectation-
step and a maximization-step until convergence. In the
expectation-step, we estimate the cluster to which each im-
age template belongs to given that the parameters (πj , µj

and Σj) are fixed. In the maximization-step, we estimate
the parameters by maximizing the complete log-likelihood
(the log-likelihood assuming we know the cluster member-
ships). The cluster means µj then become our representative
templates.

To automatically determine the number of clusters, we
apply the Bayesian information criterion (BIC) [17] score to
penalize the log-likelihood function. We now maximize

logP (X|Θ̂ML) − (f/2)log(n), (2)

where f is the number of free parameters in the model. In
our problem, we have

f = dK + (d(d + 1)/2)K + (K − 1) (3)

to be estimated. We run the Gaussian mixture clustering
from K = 1 to Kmax (Kmax = 4 in our experiments).
Then pick the K with the largest BIC score. Note that if we
do not add a penalty term, the log-likelihood increases as K
increases. It can lead to a trivial result of picking K equal
to the number of data samples (i.e., each data point will be

Figure 8: Results from different methods for an ex-
ample patient. (a) single template method; (b) en-
semble/multiple templates method with Gaussian
mixture clustering. For each figure, the top curve is
the correlation score and the bottom plot is the gat-
ing signal generated by the correlation score. Here
we use 35% duty cycle.

considered as a cluster). A scatter plot of the clusters with
their means and covariances is shown in figure 7.

3.3 Generating the Gating Signal
By the template clustering method, we can build a set

of accurate representative templates. Accordingly, we will
have a set of correlation scores for each incoming new image
in the template matching step. Therefore, we need a way
to combine the scores. As mentioned earlier, we are using a
weighted average. Now the weights are just the prior prob-
ability πj of each Gaussian mixture. We are performing a
voting procedure where mixtures with more members have
higher weights to vote for the final correlation score com-
pared to mixtures with feature members. We generate the
gating signal based on the final correlation score. From the
final correlation score of the training images, we determine
a threshold that corresponds to the pre-set duty cycle. This
threshold is then applied to the correlation scores calculated
in real-time during treatment to generate the gating signal.
When the score is above this threshold value, it indicates
that the therapy beam should be enabled. Otherwise, the
therapy beam should be turned off.

Figure 8 shows an example of gating signals generated by
this ensemble template method and the previous single tem-
plate method. We can see that the ensemble approach can
achieve a reasonable gating signal and smooth correlation
score, which coincides well with the smooth tumor motion.
As demonstrated in this figure, through the voting process,
the effect of errors caused by one template is compensated
by the other templates. Thus the ensemble template method
is less sensitive to noise compared to a single template.
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Figure 9: Re-cast the gating problem to a classifica-
tion problem (a) and (b). (c) presents the decision
boundary created by a single template matching and
(d) displays decision boundary by an SVM classifier.

4. SUPPORT VECTOR MACHINES
Template matching as described in the previous section

only look at images inside the gating window. However, in-
stead of only using the images inside the gating window, can
we also take advantage of images outside the gating window?
Will this additional information be helpful to make deci-
sions? This strategy is especially helpful for distinguishing
images in the transition of the gating signal. We can mea-
sure how similar they are with the EOE images as well as
how dissimilar they are from the non-EOE frames. Indeed,
this can be viewed as a two-class classification problem. In
this section, we re-cast the gating problem as a classification
problem and present the support vector machine classifier as
a solution.

Gating as a Classification Problem.
The goal for an automated method for gated radiother-

apy is to decide when to turn the beam ON or OFF. This
exclusivity condition provides us with a clue that the gating
problem can actually be re-cast as a classification problem.
We treat the image frames that correspond to a beam-on
signal as one class and those that correspond to a beam-off
signal as another class. For simplicity, we will call them
beam-on and beam-off images. By this way, we reformu-
late the original gating problem into a two-class classifica-
tion problem, as shown in Figure 9. In Figure 9a, ten time
points on the gating signal are shown from time t1 to t10.

And each time point corresponds to a image frame, x1 to
x10 in Figure 9b. We represent each image frame as a vec-
tor, xt. For this illustrative example, we project each x1

to x10 onto two-dimensions as shown in Figure 1b. The
set of images, {x1, x2, x3, x8, x9, x10} are examples of beam-
off images (class OFF) and {x4, x5, x6, x7} are examples of
beam-on images (class ON). The goal of classification is to
build a classifier that outputs ON or OFF given a new in-
put image xt by learning parameters of this classifier from
training examples such as x1 to x10.

The template matching method can be considered as a
classifier that only takes advantage of the positive (ON)
class. Correlation provides a measure of how close or sim-
ilar each new image is from our template representing the
ON class. The threshold is our decision boundary and turns
the correlation score into a decision: scores higher than a
threshold classify as ON and OFF otherwise. We select this
threshold based on the desired duty cycle. In Figure 9c, a
template would be the average of the ON examples shown
in red dot in the center of the ellipse. And the threshold
will be a fixed distance from this template. Note that a bet-
ter way of automatically determining the decision boundary
(threshold) is to consider both positive (ON) and negative
(OFF) examples. In this paper, we build our classifier by
looking at both ON and OFF training examples. In particu-
lar, we design a support vector machine (SVM) classifier to
solve this gating problem. Figure 9d displays the decision
boundary created by a linear SVM on this simple illustrative
example data.

Support Vector Machine Classifier.
There are several possible classification algorithms for this

task. Among them, SVM is one of the most popular learn-
ing methods for binary classification. SVM was originally
designed by Vapnik [21]. It learns an optimal bound on the
expected error, and finds an optimal solution as opposed to
many learning algorithms that provides local optima (such
as, neural networks [4]). The SVM objective is to find a
boundary that maximizes the margin between two classes
as well as separates them with the minimum empirical clas-
sification error. An SVM first projects instances into high
dimensional space via kernels and then learns a linear sepa-
rator that maximizes the margin between the two classes.

The SVM problem can be formulated as follows: suppose
we have the training data X = {x1, · · · , xt} and {y1, · · · , yt}
be the class labels of X. Without loss of generality, we assign
class labels to take the value of either +1 or −1. We want
to have a large margin, and a small error penalty (slack
variables ξi) for misclassifications, as shown in Figure 9d.

Minimize ||�w||2 + C(
P

i ξi)

Subject to yi(�xi · �w + b) ≥ +1 − ξi (4)

Here, C is a user-defined parameter, where larger values
mean higher penalty to errors. In addition, we apply the
kernel trick to allow nonlinear decision boundaries. For the
gating problem, we apply the radial basis function (RBF)
kernel:

K(x, x′) = exp(−γ||x− x′||2), for(γ > 0).

During patient treatment (refer to Figure 2), each incom-
ing image is pre-processed by projecting the pixels in the
ROI to the reduced dimensional space by PCA as explained
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in Section 2. The decision function will be of the following:

D(x) = sgn(
nX

t=1

ytαt · K(x, xt) + b),

K(x, xt) = exp(−γ||x − xt||2) (5)

Here yt are the class labels for image vector t, and αt and b
are derived for a given C by solving the optimization prob-
lem described in equation 4, using quadratic programming
[6]. The parameters γ and C of this function are learned
during patient set-up or training. During treatment, these
parameters are fixed. We create the gating signal based on
the output of the decision function in equation 5 above with
input yt (the reduced-dimensional representation of our in-
coming fluoroscopy image at time t, i.e., the class label for
image t).

5. EXPERIMENTS AND RESULTS
We collected fluoroscopic image data from five patients to

evaluate the performance of the following two methods: (1)
an ensemble template matching method where the represen-
tative templates are selected by Gaussian mixture cluster-
ing, and (2) a support vector machine (SVM) classifier with
radial basis kernels. For each patient, we get a sequence of
image frames by sampling at ten frames per second. Typi-
cally, each sequence contains 300−400 frames, corresponding
to 30− 40 seconds. A region of interest of around 100× 100
pixels in size was selected to include the tumor positions
at various breathing phases. The training period we used
to build our templates consisted of two cycles, which corre-
sponds to about 60 − 80 image frames.

To validate the algorithms, we compared our estimated
gating signal with the reference gating signal. A radiation
oncologist manually contoured the tumor in the first frame
of the images. Then in the following frames, the contour
was dragged to the correct places manually using a com-
puter mouse by the radiation oncologist. The tumor cen-
troid position in each image frame was calculated and used
to generate the gating signal based on various duty cycles.
Here, in our experiment, we used 35% and 50% duty cycles.
Assuming t0 is the total time (beam on and off), t1 is the
beam-on time (based on our estimation), t2 is the correctly
predicted beam-on time (true positive), we define the eval-
uation metrics: delivered target dose (TD) TD = t2/t1 and
real duty cycle (DC) of the treatment DC = t1/t0.

5.1 Experiments by Ensemble Template
For the ensemble/multiple template matching method, we

find the EOE training images in the first two to three breath-
ing cycles (training period). We reduced the dimensions of
these EOE images to two to three dimensions and perform
clustering. We then computed the log-likelihood based on
the Gaussian mixture model to get our BIC scores and de-
termine the number of clusters. We obtained two or three
(depends on which patient) clusters with this data. That
means only two or three templates is enough for this appli-
cation, which made our method more efficient compared to
using all the EOE training images as templates. The final
correlation score for a new incoming images is the weighted
average of the scores from the reference templates with the
prior probability of the mixture as weights.

Figure 10: Experiment results in TD and DC for
35% proposed duty cycle. Blue bars: metric by
SVM method. Red bars: metric by ensemble tem-
plate matching method.

5.2 Experiments by Support Vector Machine
Image frames acquired during the set-up session is pre-

processed and used to train the SVM classifier. We re-
duced the dimension from 100 × 100 to 1 × 50 for SVM.
We then labeled the training images with +1 for beam-on
images and -1 for beam-off images. We used LIBSVM [7]
in our experiments. To train our SVM model, we applied
a coarse-to-fine grid-search to determine the parameters γ
and C for our radial basis function SVM (RBF-SVM) model.
We found that trying exponentially growing sequences of
γ and C is a practical method to identify the parameters
(γ = 10−1010−8 · · · 103, C = 10−510−3 · · · 1010). Further-
more, to prevent overfitting in tuning the parameters, a ten-
fold cross-validation procedure is performed on the training
images to find a better model. Basically, the (γ, C) pair
which provided the best ten-fold cross-validation accuracy
on the training data is selected. We use the rest of the im-
age data (data during treatment) as our testing samples. We
pre-process the test data by PCA, and the predicted labels
given by the SVM classifier serve as our estimated gating
signals.

5.3 Results and Discussion
The experimental results are shown in Figures 10-11. In

each figure, the upper figure shows the delivered target dose
(TD) as a bar plot, with the SVM results in blue bars and
the template-matching method results in red bars. Deliv-
ered target dose measures the true positive rate. The lower
figure shows the real duty cycle (DC) in the same format,
this is a measure of efficiency. For the proposed duty cycle
of 35%, SVM achieves 95.8% average TD and 40.8% average
DC, while the ensemble template matching method achieves
94.9% average TD and 34.7% average DC. When the pro-
posed duty cycle equals 50%, SVM has an average TD of
98.4% and average DC of 53.1%, while ensemble template
has an average TD of 97.6% and 49.5% DC.

Over all five patients we found that both methods are
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Figure 11: Experiment results in TD and DC for
50% proposed duty cycle. Blue bars: metric by
SVM method. Red bars: metric by ensemble tem-
plate matching method.

able to deliver most of the target dose correctly, both have
a high TD, while SVM is more efficient than ensemble tem-
plate. In general, SVM has an average DC that is 4%-6%
longer. This is because SVM makes use of more informa-
tion, both beam-on and beam-off images, while ensemble
template matching only captures the information from the
beam-on images. However, template matching has an ad-
vantage of detecting the aperiodic intra-fraction motion that
occurs for some patients, although not seen in the current
datasets. It is because the beam is only turned on when
the correlation score is high, meaning the ROI of the in-
coming image is similar to the reference template and the
tumor is at the right position. If the tumor drifts away
or if shifts/rotations/deformations of the anatomy between
patient setup and treatment happen, the correlation score
should be always low and the beam will not be turned on.
We then need to re-position the patient.

The time complexity for both methods is almost the same.
We recorded the CPU time for executing both methods with
a Pentium 4 Windows machine with 1G of RAM. The aver-
age CPU time for predicting the gating signal during testing
is 0.06sec/frame by both methods. To obtain the gating sig-
nal for each time point, SVM needs to perform PCA and
apply the reduced image vector as an input to the decision
function, equation 7. For ensemble template matching, it
needs to calculate the correlation between the original high
dimensional motion-enhanced image with two or three tem-
plates (cluster means).

Figure 12 shows an example of the estimated gating sig-
nals. It plots the gating results by both methods. The
top figure displays the predicted gating signal in red and
reference signal in black for SVM. And the bottom figure
shows the gating and reference signals for ensemble template
matching. We can see that both gating signals coincide very
well with the reference, and all errors occur at the edges.

Figure 12: Example of estimated gating signals on
patient 4 for proposed 35% duty cycle. Top: the
predicted gating signal by SVM classifier. Bottom:
the gating signal generated by ensemble template
matching method.

6. CONCLUSIONS AND FUTURE WORK
This paper provides a case study where machine learning

techniques have been successfully applied to an important
real-world problem: gated radiotherapy. Working closely
with the domain expert, we carefully selected the appro-
priate machine learning and data mining tools in developing
the ensemble/multiple template matching method. Through
our collaboration, we also provided our domain expert with
a different view of the gating problem and re-cast it as a
classification problem. Our study showed the feasibility of
solving the gating problem by classification techniques. This
provides us with wider recourses for gated radiotherapy. We
can try other classification techniques, such as Bayesian clas-
sifier, neural networks, hidden Markov model, in our future
work.

For our next step, we will (1) test the algorithms using
more and longer patient data, (2) find a better way to get
reference gating signal for validation, and (3) evaluate the
dosimetric consequence of the current error level to see if
there is a need to further lower the error rates. Then, we
will consider clinical implementation of our methods.
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