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In external beam radiotherapy, one of the most common and reliable methods for
patient geometrical setup and/or predicting the tumor location is use of external
markers. In this study, the main challenging issue is increasing the accuracy of
patient setup by investigating external markers location. Since the location of each
external marker may yield different patient setup accuracy, it is important to assess
different locations of external markers using appropriate selective algorithms. To
do this, two commercially available algorithms entitled a) canonical correlation
analysis (CCA) and b) principal component analysis (PCA) were proposed as input
selection algorithms. They work on the basis of maximum correlation coefficient
and minimum variance between given datasets. The proposed input selection
algorithms work in combination with an adaptive neuro-fuzzy inference system
(ANFIS) as a correlation model to give patient positioning information as output.
Our proposed algorithms provide input file of ANFIS correlation model accurately.
The required dataset for this study was prepared by means of a NURBS-based
4D XCAT anthropomorphic phantom that can model the shape and structure of
complex organs in human body along with motion information of dynamic organs.
Moreover, a database of four real patients undergoing radiation therapy for lung
cancers was utilized in this study for validation of proposed strategy. Final analyzed
results demonstrate that input selection algorithms can reasonably select specific
external markers from those areas of the thorax region where root mean square
error (RMSE) of ANFIS model has minimum values at that given area. It is also
found that the selected marker locations lie closely in those areas where surface
point motion has a large amplitude and a high correlation.
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. INTRODUCTION

In external beam radiotherapy, the final goal is to deliver 3D uniform dose to tumor volume
while minimizing the dose to healthy surrounding tissues at the same time. In recent years,
many efforts have been done on two substantial challenging issues to achieve a successful radio-
therapy: 1) tumor localization and delineation at treatment planning system and 2) dose delivery
at beam irradiation system.(") But degree of a success treatment is strongly depending on the
accuracy of tumor localization as a major part of treatment planning process. Moreover, this
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issue will be a serious concern for tumors located at thorax region due to semiregular motions
caused by heartbeat, gastrointestinal, and especially breathing phenomena known as intrafrac-
tional organ motion error. Intrafractional organ motion error may lead to a significant uncertainty
of tumor localization, which reduces treatment quality by increasing a great amount of dose
received by surrounding tissues, which causes side effects at thoracic regions.!") To compensate
the effect of intrafraction motion error and to minimize target localization uncertainty, several
studies have been performed, while some of them are now clinically available.?® An older
strategy associated with intrafractional motion error is defining a larger margin around gross
target volume that includes tumor volume and its motion trajectory as internal target volume
(ITV).() By this approach, a great amount of prescribed dose will be received by normal tis-
sues at near the ITV region that may produce serious side effects. Other clinically available
strategies to compensate tumor motion errors are: 1) breath-holding,®-!1 2) real-time tumor
tracking,'? and 3) respiratory gating.() Before treatment in external beam radiotherapy, target
volume alignment in front of the therapeutic beam in the pretreatment step, known as patient
geometrical setup, must be considered seriously.('4?4 In order to manage respiratory motion,
several surrogates systems such as: spirometer,2% strain gauge,®® time-of-flight cameras,?%
and external markers”) are utilized as a dataset providers for patient setup. It should be noted
that these devices with synchronously captured internal dataset, based on correlation model,
may also use during treatment for real-time tumor motion tracking.(!>!3) In addition, the success
of patient setup and then tumor motion tracking is strongly affected by the number and location
of external markers. In most clinical applications while treating real patients, the location of
external markers is chosen empirically; that is operator-dependent and can be a constraint due
to missing optimum location. Moreover, few studies have been performed to mathematically
investigate optimum location of external markers at the pretreatment step while patient position-
ing must be performed accurately. Dong et al.(!>) performed a mathematical study to investigate
optimum markers’ location during treatment using Bregman distance-based algorithm.

In the present study to find the best location of external markers for patient setup, two
nonlinear strategies based on a) canonical correlation analysis (CCA),?® and b) principal
component analysis (PCA)?? are proposed as an input selection algorithms. These algorithms
were chosen due to their proven intrinsic robustness at data mining. The input selection con-
cept was introduced by Samadi-Miyandoab et al.?? as a dimensionality reduction strategy at
data mining procedure. In this method, irrelevant features are detected and then removed to
yield most effective reduced dataset for predictive model construction. Moreover, a compara-
tive study is done between two proposed algorithms taking into account the advantages and
weakness points of each method that was comprehensively assessed in our recent study.G%
To implement of the proposed method, an adaptive neuro-fuzzy inference system (ANFIS) is
utilized as responsible for aligning tumor volume in front of the therapeutic beam by giving
tumor motion information. In fact, the proposed CCA and PCA input selection algorithms act
as provider of ANFIS input and the best patient geometrical setup is estimated by means of an
ANFIS model. Therefore, ANFIS is fed by motion information of those external markers that
were already selected by proposed CCA and PCA input selection algorithms. In this study, the
ANFIS model is proposed due to its robustness to combine the abilities of fuzzy systems with
the numeric power of neural adaptive network systems. Moreover, since the degree of vari-
ability of our dataset is very high in different patients, ANFIS is optimal to estimate the best
location of external markers with less error.

The required dataset used in this work has been extracted using the 4D XCAT anthropo-
morphic phantom developed by Dr. W.P. Segars and provided by NURBS. This validated
phantom simulates the 3D anatomical shape of different organs of human body with accept-
able complexity and models motion of dynamic organs located in thorax region to mimic real
respiratory and heart beat motion patterns.G!-32) In order to assess optimum location of exter-
nal markers, nine subregions have been defined uniformly on the thorax region of the patient
body. Comprehensive studies were done during our recent studies, in which different aspects
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of six-degrees-of-freedom rototranslation of this phantom was investigated.3%33) Furthermore,
we utilized the database of four real patients with lung cancers undergoing radiation therapy
to validate the simulated procedure.

In order to test the performance of proposed input selection algorithms at finding optimum
markers location, root mean square error (RMSE) of ANFIS output was considered as a metric
for quantitative evaluation. In this way, the RMSE of ANFIS model output for each segment
that represent marker placement indicates the “importance degree” of that segment as optimum
location. Moreover, the performance of the proposed strategy is compared with empirical meth-
ods that use clinically.®% Final analyzed results represent that the implementing of these input
selection algorithms can significantly improve patient geometrical setup errors in regard with
to the conventional method performed empirically by operator. It is also found that the selected
marker locations have a large amplitude and frequency, and a high correlation.

Il. MATERIALS AND METHODS

A. Database generation and its properties

In order to provide a validated dataset, a simulation study was performed using the NURBS-
based 4D XCAT anthropomorphic phantom that can model the shape and structure of complex
organs in human body along with motion of dynamic organs such as are involved in breathing
and heartbeat.3* This phantom was chosen due to its validation and commercial availability.!
XCAT is quite robust to simulate the human body with multiple resolutions and various anat-
omies due to combining the advantages of pixel-based and geometry-based analyses. This
phantom enables user to change functional variables that control respiration, in order to gener-
ate deformable 4D CT models according to the real conditions of a typical patient that must be
simulated. The main controllable parameters are: 1) motions of beating heart only, respiration
only, or combined mode; 2) maximum diaphragm motion; and 3) maximum anterior—posterior
expansion of the chest wall.(% In this study, five different respiratory cycles were generated with
reasonable breathing amplitude and frequency to mimic real respiratory patterns (Table 1). For
instance, maximum anterior—posterior expansion of chest wall and time of respiratory period
were determined using respiratory motion signals of real patients treated with the CyberKnife
Synchrony system (Accuray Inc., Sunnyvale, CA ) at Georgetown University Medical Center
(Washington, DC).

According to extracted database from the XCAT phantom, due to negligible displacement
in left-right (LR) direction, this dimension was eliminated from total database and remaining
motion data included both anterior—posterior (AP) and superior—inferior (SI) directions. Time
interval between data acquisition steps required for each frame was assumed to be 25 ms. The
proposed strategies were validated through simulated procedures by using the 4D CT database
acquired from four patients as reference (Table 2).

TaBLE 1. Characteristics of five different respiratory cycles created by XCAT phantom.

Maximum
Anterior—Posterior Maximum Time of
Expansion of Chest Wall Diaphragm Motion Respiratory Period Breathing Cycle

(cm) (cm) (sec) Number

1.2 2 5 1

0.7 1.7 5 2

0.5 1.2 4 3

1.3 2.2 6 4

1 1.8 5.5 5
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TaBLE 2. Patients’ 4D CT data.

Pixel Dimension

Patient Image Dimension (mm)
Patient #1 512x512x169 0.97%x0.97x2
Patient #2 512x512x170 0.87x0.87x2
Patient #3 512x512x187 0.78%0.78%x2
Patient #4 512x512x161 1.17x1.17x2

In order to assess optimum location of external markers, nine subregions have been defined
uniformly on the thorax region of patient body (Fig. 1). In other words, nine typical points
from nine sub-regions were chosen onto the surface of the chest and abdominal regions, each
of them representing external surrogates. The scheme of depicted points started from abdomi-
nal region with averagely 5 cm distance in vertical and horizontal direction (Fig. 1). As seen
in this figure, the proposed spatial scheme of given points was divided into three areas: upper
region, middle region, and lower region, respectively. It should be noted that the performance
of the proposed strategy is compared with empirical methods, which are clinically available
and suggested by prior studies.(3033)

Upper
region

Middle
region

Lower
region

Right region Middle region Left region

FiG. 1. The location of each external marker on the surface of phantom body. M1 = right upper lobe, M2 = middle upper
lobe, M3 = left upper lobe, M4 = right middle lobe, M5 = xiphoid, M6 = left middle lobe, M7 = right lower lobe, M8 =
navel upper, M9 = left lower lobe.

B. The methodology of CCA, PCA selective algorithms, and the ANFIS model

The CCA and PCA input selection methods are introduced as useful available tools required at
the data preprocessing stage of each data mining, in which the number of data points belong-
ing to the input dataset is reduced by removing irrelevant, redundant, or noisy data points.
Therefore, most effective and remarkable data points obtained in this strategy can improve
mining performance such as predictive accuracy and final results may obtained in a better
assessment condition. In order to find the best location of external markers, two properties
of the data set, 1) the maximum correlation coefficient and 2) minimum variance of external
markers’ location, are considered among total available markers that are selected by CCA and
PCA algorithms. To do this, the MATLAB software package (The MathWorks Inc., Natick,
MA) was utilized. When optimum locations were chosen from among total markers locations,
the motion information of selected markers are used as an input file of the ANFIS model for
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verification of patient geometrical setup. On the other hand, the output of the ANFIS model can
be used to discover two important factors: 1) the performance of each input selection algorithm,
and 2) the importance degree of each marker location.

Canonical correlation analysis (CCA) is a means to measure a linear relationship between
two multidimensional variables. In statistics, CCA is a way of making sense of cross covariance
matrices. If we have two vectors X = (X, ..., X, ) and Y = (Y, ..., Y, ) of random variables,
and there are correlations among the variables, then canonical correlation analysis will find
linear combinations of the X; and Y. which have maximum correlation with each other. The
CCA is optimal way to respect correlations and at the same time to find a corresponding cor-
relation, in which the correlation matrix between the variables is diagonal and the correlations
on the diagonal are maximized. In fact, the dimensionality of these new bases is equal to or
less than the smallest dimensionality of the two variables.?> By applying CCA algorithm, a
small amount of data will be lost when more than 90% of canonical correlation of all markers
is covered. Principal component analysis (PCA) is a statistical procedure that uses an orthogo-
nal transformation to convert a set of observations of possibly correlated variables into a set
of values of linearly uncorrelated variables called principal components. PCA can be thought
of as fitting N-dimensional ellipsoid to the data, where each axis of the ellipsoid represents a
principal component. The number of principal components is less than or equal to the number
of original variables. This transformation is defined in such a way that the first principal com-
ponent has the largest possible variance; that is, accounts for as much of the variability in the
data as possible, and each succeeding component in turn has the highest variance possible under
the constraint that it is orthogonal to the preceding components. The resulting vectors are an
uncorrelated orthogonal basis set. The principal components are orthogonal because they are
the eigenvectors of the covariance matrix, which is symmetric. PCA is sensitive to the relative
scaling of the original variables. In other hand, PCA was implemented for three X, Y, and Z
variables in order to reduce the number of inputs, and then the first principal component was
utilized. After transformation, this transformation is defined in such a way that the first principal
component has the largest possible variance, and each succeeding component in turn has the high-
est variance possible under the constraint that it is orthogonal to the preceding components.(39)
Moreover, in order to reduce the numbers of inputs to select markers, PCA was implemented
and then the first principal component was utilized. By applying PCA algorithm, a small amount
of data will be lost when the first component of all markers covers more than 90% of variance.
PCA transforms the 3D motion data of external markers into a mono-dimensional signal, by
projecting the three-dimensional coordinates in the principal component space.*)

We developed the ANFIS model by implementing the fuzzy logic toolbox of the MATLAB.G7)
ANFIS is presented as a powerful tool in modeling numerous processes by combining the abili-
ties of a fuzzy system with the numeric power of a neural network system. The fuzzy inference
system of the ANFIS is based on Sugeno-type and membership functions generated by FCM
data clustering algorithm in Gaussian form. In this study, we used the robustness of the ANFIS
particularly as a correlation model for verification of patient geometrical setup where similar
calculations with normal mathematical methods would be difficult or with less accurate. More
information about the ANFIS model is shown in Table 3. Our ANFIS correlation model must
be trained using dataset at synchronized form in training step. After configuration, the model
is able to realign patient position in front of the therapeutic beam.

Figure 2 shows a schematic layout of 1) the PCA and CCA in data processing as an input
selection algorithm, and 2) ANFIS correlation model configuration at pretreatment step and
model performance during treatment. As depicted, when optimum external makers were
chosen automatically, their motion data was synchronized with patient position for verification
of patient setup at the pretreatment step. In fact, the proposed CCA and PCA input selection
algorithms provide the ANFIS input dataset and the best patient geometrical setup is estimated
from ANFIS model output.
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TaBLE 3. The structure of the adaptive neuro-fuzzy interference system (ANFIS) model.

Parameter Type
And Method Product of Elements
OR Method Probabilistic OR
Implication Method Product of Elements
Aggregation Method Sum of Elements
Defuzzification Method Weighted Average
Input Membership Function Gaussian

All of external markers

_| Input selection algorithms
(CCA and PCA)

}

o
3
g Synchronized
g Patient position acquisition Selected external
2 markers
ANFIS
correlation
model

l

Patient set up

FiG. 2. Workflow of required process on input selection algorithms by CCA and PCA with ANFIS correlation model to
verification of geometrical setup.

lll. RESULTS

In order to test and evaluating the performance of proposed strategies for improving patient
setup, the results were expressed by computing the root mean square error (RMSE) between
benchmark data points and ANFIS model output as follows:

l N
RMSE= [— A —P.)> 1
NZ(, ) (1)

where N is the number of predicted samples, 4, is i, data point representing real position infor-
mation and P, is the i, predicted value of position given by ANFIS.
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Generally, each subregion of thorax and abdomen (Fig. 2)
has its own degree of importance due to two major factors: 1)
correlation of belonged external markers with corresponding
reference configuration, and 2) its motion amplitude during
breathing amplitude. This importance degree is increased when
a large number of external markers from a typical subregion
are selected by our proposed CCA and PCA input selection
algorithms. Table 4 demonstrates the average amplitude and
frequency between the external markers and reference data points
over all four given patients. The amplitude varies from 2,200 to
3,100 for all sessions. In addition, the maximum and minimum
signal at each subregion of patient number 2 is observed in Fig. 3.

Based on the information emerging from Fig. 3, the impor-
tance degree belongs to the right lower lobe (M7) and left lower
lobe (M9), where the maximum signals are extracted. At the same
time, the minimum signal belongs to XIPHOID (M5) and navel
upper (M8) that represent the negligible degree of importance.
According to the results shown in Fig. 3 and Table 4, the 1) maxi-
mum, ii) minimum, iii) average, and iv) frequency parameters
obtained from each subregion (provided by each external marker)
are different for each patient, uniquely. Moreover, these four
parameters are highly affected by marker location. The maximum
and minimum signal belongs to M7 and M5 markers, respectively.

As seen from Table 4 and Fig. 3, the number of optimum
external markers for a given region is selected by input selection
algorithms. The selection process is repeated using CCA and PCA
methods and then the summation of all chosen external markers
at each subregion is calculated (Table 5). This summation value
represents the importance degree of each region. At the CCA and
PCA algorithms, which the high accuracy of high correlation
coefficient and minimum standard deviations were taken into
account. As seen in Table 5, M1, M3, M7, and M9 were selected.
Furthermore, among four real patients, the averages of correlation
coefficients and standard deviations are as: 0.98 = 0.18 (M1),
0.67 £ 0.23 (M2), 0.97 £ 0.20 (M3), 0.97 £ 0.32 (M4), 0.67 +
0.21 (M5),0.96+0.30 (M6), 0.98 +£0.21 (M7), 0.67 +0.21 (M8),
and 0.97 + 0.19 (M9). Correlation coefficients calculated for
M4 and M6 are closer to M1, M3, M7, and M9, but with larger
fluctuation. Moreover, correlation coefficients of M2, M5, and
MBS are relatively small, but in an acceptable range. Therefore,
it’s worth mentioning that the amount of correlation coefficient is
affected by breathing patterns and external markers location. The
other results can be observed in pretreatment step from Table 4;
that is, maximum amplitude and frequency in the right middle
lobe (M4), left middle lobe (M6), right lower lobe (M7), and left
lower lobe (M9) respectively, but, based on Table 5, represented
by using CCA and PCA methods, the selected markers are M1,
M3, M7, and M9 — high accuracy of high correlation coefficient
and minimum standard deviations. In other words, the average
of the correlation coefficients calculated and standard deviations
for four real patients indicated the markers selected (M1, M3,
M7, and M9) monitors accuracy of input selection algorithms.
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TaBLE 4. The average amplitude and frequency between the markers and reference point in the four patients.
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Moreover, we compared our proposed strategy with currently used empirical methods and
investigated interfraction motion error.

The result of CCA and PCA input selection algorithms used to select optimum external mark-
ers (Fig. 4). The motion dataset of selected markers was utilized as an input file for the ANFIS
model automatically, for real-time verification of the geometrical setup. Figure 4 illustrates
RMSE calculated between ANFIS model output and corresponding reference data points.3? As
shown, a comparison was done in different modes: 1) implementing input selection models in
combination with ANFIS model, 2) ANFIS model by using all markers dataset, and 3) ANFIS
model by using motion information of given external markers at each upper, lower, and middle
regions, respectively.

310 T T T

30

280

Armpilituds

|‘J‘”3W W" y “ume“’f;

| | | 1 | 1 1 1
210
o 500 1000 1500 2000 2500 3000 3600 4000 4500

Time [s]

FiG. 3. The maximum and minimum signal in each region of Patient 2 of the skin surface during the respiratory cycle.

TaBLE 5. Result of input selection algorithms (CCA and PCA model) and selected external markers.

Average Correlation Coefficient

Number of Markers CCA Model PCA Model Selected Markers
M1 0.99 0.99 a
M2 0.57 0.67 b
M3 0.99 0.99 a
M4 0.72 0.96 b
M5 0.46 0.67 b
M6 0.72 0.96 b
M7 0.99 0.99 a
M8 0.57 0.67 b
M9 0.99 0.99 a

2 Selected external markers.
b Unselected external markers.
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F1G. 4. The results illustrates RMSE calculated between implementing input selection models in combination with ANFIS
model, ANFIS model using all-markers dataset and ANFIS model, by using motion information of given external markers
at each upper, lower, and middle region and corresponding reference configuration.

IV. DISCUSSION

In radiation treatments, tumors located in thorax region of a patient body move mainly due
to respiration. This motion is problematic during therapeutic beam irradiation, and may result
in undesirable dose distribution in tumor volume and also deliver high doses to healthy non-
target tissues. The motion error is due to 1) breathing phenomena (known as intrafractional
error), and 2) patient positioning (known as interfractional error) while aligning tumor volume
against the therapeutic beam. To compensate intrafractional motion error, several strategies may
be implemented, such as 1) breath-holding, 2) real-time target tracking, and 3) respiratory
gating.(39 At the pretreatment step, serious concerns arise due to interfractional motion error
between each fraction of the treatment process that reduce the accuracy of patient setup. In
modern radiotherapy, the success of a treatment strongly depends on the accuracy of patient
geometrical setup. One strategy for patient positioning is using external markers on the thorax
region of the patient body. Therefore, the markers’ location in external radiotherapy is impor-
tant and challenging during patient setup. In most clinical applications, the location of external
markers is chosen empirically; that is, operator-dependent.

In this study to find the optimum spatial pattern of external markers onto thorax skin, two
common available nonlinear strategies were proposed to select the best location of external mark-
ers, intelligently. These strategies are on the basis of CCA and PCA input selection algorithms
that work by means of maximum correlation coefficient and minimum variance parameters
over total number of available locations for external markers. The proposed methods were
tested through simulation studies using the verified NURBS-based 4D X CAT anthropomorphic
virtual phantom to provide the required dataset as if from the breathing pattern of a real patient.
Moreover, the proposed strategy was validated using the reference 4D CT dataset from four real
patients. Nine external markers on the thorax surface were taken into account by this phantom
and real patient to simulate external motions along with a corresponding reference configuration
(Fig. 1). The motion dataset of selected markers were utilized for feeding an ANFIS model to
estimate patient geometrical setup, accordingly.

Based on the results emerged from Fig. 3 and Table 4, the most important subregions as
optimum marker placement are right upper lobe, left upper lobe, right lower lobe, and left
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lower lobe, chosen by the proposed input selection algorithms. In other words, these chosen
subregions have the highest importance degree, whereas middle areas with negligible values are
far away from participation as external markers location. Also, based on the results reported by
Ehrhardt et al.®® and Werner et al.,®% the maximum displacement of the skin surface during
the respiratory cycle of patient occurs in the border areas.

Correlation between the motion of external markers and reference point may be affected
by several factors, including patient characteristics, marker locations, and breathing pattern. It
should be noted that a single external marker cannot provide sufficient and reliable information
for patient setup, while a composite signal generated from the motion information of multiple
external makers may provide an excellent and reliable setup with less error as demonstrated
in this work. Furthermore, the importance degree of each subregion is increased when a large
number of external markers from a typical area are selected by our proposed input selection
algorithms. As shown in Table 4 and Fig. 3, the selected M4, M6, M7, and M9 markers move
with high amplitudes and frequency. But based on results of the CCA and PCA algorithms
reported at Table 5, the external markers M1, M3, M7, and M9 are in the most important sub-
regions with high correlation and minimum variance. Moreover, it’s worth mentioning that the
border areas have the highest degree of importance, whereas middle areas with lower values
are far away from participation as external markers. The performance accuracy of the ANFIS
model configured by different external markers chosen by different input selection algorithms
represents the best opportunity for finding optimum external markers. Therefore, it is concluded
that the input selection algorithms work reasonably well for finding the best location of external
markers, and may be preferred to the conventional clinical method that is done empirically,
leading to minimization of interfraction motion errors in real patients.

V. CONCLUSION

In this study, we used a 4D XCAT phantom and real patients to investigate input selection
algorithms to find optimum external marker locations that have the best correlation with cor-
responding reference configuration. In addition, the results of the model were compared with
our previous reports concerning patient positioning at external beam radiotherapy.G? Based on
Table 5, we found that the input selection algorithms selected best locations of external markers
(M1, M3, M7, and M9) during patient setup using ANFIS algorithm. Also, the technique was
validated through simulated activities by using reference 4D CT data acquired from four subjects.

ACKNOWLEDGMENTS

The authors acknowledge Dr. William Paul Segars, Dr. David Surratt, and Sonja Dieterich for
providing access to the anthropomorphic XCAT phantom, 4D CT data of four real patients,
and clinical CyberKnife database, respectively.

COPYRIGHT

This work is licensed under a Creative Commons Attribution 3.0 Unported License.

Journal of Applied Clinical Medical Physics, Vol. 17, No. 6, 2016


http://creativecommons.org/licenses/by/3.0/

42

Miandoab et al.: Optimal location external markers in external beam radiotherapy 42

REFERENCES

11.

12.
13.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.
30.

. Riboldi M, Sharp GC, Baroni G, Chen GT. Four-dimensional targeting error analysis in image-guided radiotherapy.

Phys Med Biol. 2009;54(19):5995-6008.

. Hsu A, Miller NR, Evans PM, Bamber JC, Webb S. Feasibility of using ultrasound for real-time tracking during

radiotherapy. Med Phys. 2005;32(6):1500-12.

. Shimizu S, Shirato H, Kitamura K, et al. Fluoroscopic real-time tumor-tracking radiation treatment (RTRT) can

reduce internal margin (IM) and set-up margin (SM) of planning target volume (PTV) for lung tumors. Int J
Radiat Oncol Biol Phys. 2000;48(3, Supp. 1):166—67.

. WuJ, Dandekar O, Nazareth D, Lei P, D’Souza W, Shekhar R. Effect of ultrasound probe on dose delivery during

real-time ultrasound-guided tumor tracking. Conf Proc IEEE Eng Med Biol Soc. 2006;1:3799-802.

. Zhang T, Keller H, O’Brien MJ, Mackie TR, Paliwal B. Application of the spirometer in respiratory gated radio-

therapy. Med Phys. 2003;30(12):3165-71.

. Zhong Y, Stephans K, Qi P, Yu N, Wong J, Xia P. Assessing feasibility of real-time ultrasound monitoring in

stereotactic body radiotherapy of liver tumors. Technol Cancer Res Treat. 2013;12(3):243-50.

. Chavaudra J and Bridier A. [Definition of volumes in external radiotherapy: ICRU reports 50 and 62] [in French].

Cancer Radiother. 2001;5(5):472-78.

. Cerviilo LI, Gupta S, Rose MA, Yashar C, Jiang SB. Using surface imaging and visual coaching to improve the

reproducibility and stability of deep-inspiration breath hold for left-breast-cancer radiotherapy. Phys Med Biol.
2009;54(22):6853-65.

. McNair HA, Brock J, Symonds-Tayler JR, et al. Feasibility of the use of the Active Breathing Co ordinator

(ABC) in patients receiving radical radiotherapy for non-small cell lung cancer (NSCLC). Radiother Oncol.
2009;93(3):424-29.

. Nakamura K, ShioyamaY, Nomoto S, et al. Reproducibility of the abdominal and chest wall position by voluntary

breath-hold technique using a laser-based monitoring and visual feedback system. Int J Radiat Oncol Biol Phys.
2007;68(1):267-72.

Zhao JD, Xu ZY, Zhu J, et al. Application of active breathing control in 3-dimensional conformal radiation therapy
for hepatocellular carcinoma: the feasibility and benefit. Radiother Oncol. 2008;87(3):439—44.

Goitein M. Organ and tumor motion: an overview. Semin Radiat Oncol. 2004;14(1):2-9.

Frosio I, Spadea M, De Momi E, et al. A neural network based method for optical patient set-up registration in
breast radiotherapy. Ann Biomed Eng. 2006;34(4):677-86.

. Alnowam MR, Lewis E, Wells K, Guy M. Respiratory motion modelling and prediction using probability density

estimation. IEEE Nuclear Science Symposium & Medical Imaging Conference. Piscataway, NJ: IEEE; 2010.
p-2465-69.

. Dong B, Graves YJ, Jia X, Jiang SB. Optimal surface marker locations for tumor motion estimation in lung cancer

radiotherapy. Phys Med Biol. 2012;57(24):8201-15.

. Fayad H, Pan T, Clement JF, Visvikis D. Technical note: correlation of respiratory motion between external patient

surface and internal anatomical landmarks. Med Phys. 2011;38(6):3157—64.

. Putra D, Haas OCL, Mills JA, Bumham KJ. Prediction of tumour motion using interacting multiple model filter.

Advances in Medical, Signal and Information Processing, 2006 MEDSIP 2006 IET 3rd International Conference
On; Glasgow; 2006.

. Ramrath L, Schlaefer A, Ernst F, Dieterich S, Schweikard A, editors. Prediction of respiratory motion with a

multi-frequency based Extended Kalman Filter. Proceedings of the 21st International Conference and Exhibition
on Computer Assisted Radiology and Surgery (CARS’07); 2007.

. Riaz N, Shanker P, Wiersma R, et al. Predicting respiratory tumor motion with multi-dimensional adaptive filters

and support vector regression. Phys Med Biol. 2009;54(19):5735-48.

Ruan D. Kernel density estimation-based real-time prediction for respiratory motion. Phys Med Biol.
2010;55(5):1311-26.

Torshabi AE, Pella A, Riboldi M, Baroni G. Targeting accuracy in real-time tumor tracking via external surrogates:
a comparative study. Technol Cancer Res Treat. 2010;9(6):551-61.

Torshabi AE, Riboldi M, Pella A, Negarestani A, Rahnema M, Baroni G. A clinical application of fuzzy logic.
In: Dadios EP, editor. Fuzzy logic — emerging technical applications. Rijeka, Croatia: INTECH Open Access
Publisher; 2012. p.3—18.

Esmaili Torshabi A, Riboldi M, Imani Fooladi AA, Modarres Mosalla SM, Baroni G. An adaptive fuzzy prediction
model for real time tumor tracking in radiotherapy via external surrogates. J Appl Clin Med Phys. 2013;14(1):4008.
Yan H, Zhu G, Yang J, et al. The investigation on the location effect of external markers in respiratory-gated
radiotherapy. J Appl Clin Med Phys. 2008;9(2):2758.

Kubo HD and Hill BC. Respiration gated radiotherapy treatment: a technical study. Phys Med Biol.
1996;41(1):83-91.

Schaller C. Time-of-Flight cameras-new modality for radiotherapy [PhD thesis]. Erlangen, Germany: University
Erlangen-Nuremberg; 2010.

Yan H, Yin FF, Zhu GP, Ajlouni M, Kim JH. The correlation evaluation of a tumor tracking system using multiple
external markers. Med Phys. 2006;33(11):4073-84.

Knapp TR. Canonical correlation analysis: a general parametric significance-testing system. Psychol Bull.
1978;85(2):410-16.

Wold S, Esbensen K, Geladi P. Principal component analysis. Chemometr Intell Lab. 1987;2(1-3):37-52.
Miyandoab PS, Torshabi AE, Nankali S, Rezai M. The robustness of various intelligent models in patient posi-
tioning at external beam radiotherapy. Front Biomed Technol. 2015;2(1):45-54.

Journal of Applied Clinical Medical Physics, Vol. 17, No. 6, 2016



43

31.

32.

33.

34.

35.

36.

37.
38.

39.

Miandoab et al.: Optimal location external markers in external beam radiotherapy 43

McGurk R, Seco J, Riboldi M, Wolfgang J, Segars P, Paganetti H. Extension of the NCAT phantom for the inves-
tigation of intra-fraction respiratory motion in IMRT using 4D Monte Carlo. Phys Med Biol. 2010;55(5):1475-90.
Miyandoab PS, Torshabi AE, Nankali S. 2D and 3D optical flow based interpolation of the 4DCT image sequences
in the external beam radiotherapy. Front Biomed Technol. 2015;2(2):93-102.

Nankali S, Torshabi AE, Miandoab PS. A feasibility study on ribs as anatomical landmarks for motion tracking
of lung and liver tumors at external beam radiotherapy. Technol Cancer Res Treat. 2015.

Zaidi H and Tsui BM. Review of computational anthropomorphic anatomical and physiological models. Proc
IEEE. 2009;97(12):1938-53.

Goodband J, Haas O, Mills J. A comparison of neural network approaches for on-line prediction in IGRT. Medical
physics. 2008;35(3):1113-22.

Jolliffe I. Principal component analysis. In: Everitt B and Howell D, editors. Encyclopedia of statistics in behav-
ioral science. Wiley Online Library; 2005.

Jang J-S. ANFIS: adaptive-network-based fuzzy inference system. IEEE T Syst Man Cyb. 1993;23(3):665-85.
Ehrhardt J, Werner R, Frenzel T, Séaring D, et al. Reconstruction of 4D-CT data sets acquired during free breathing
for the analysis of respiratory motion. Proc. SPIE 6144. International Society for Optics and Photonics; 2006.
Werner R, Ehrhardt J, Frenzel T, Lu W, Low D, Handels H. Analysis of tumor-influenced respiratory dynamics
using motion artifact reduced thoracic 4D CT images. In: Buzug TM, editor. Advances in Medical Engineering.
Berlin: Springer; 2007. p. 181-86.

Journal of Applied Clinical Medical Physics, Vol. 17, No. 6, 2016



