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Markerless Respiratory Tumor Motion Prediction Using an Adaptive

Neuro-fuzzy Approach

Abstract

Background: Accurate delivery of the prescribed dose to moving lung tumors is a key challenge
in radiation therapy. Tumor tracking involves real-time specifying the target and correcting the
geometry to compensate for the respiratory motion, that’s why tracking the tumor requires caution.
This study aims to develop a markerless lung tumor tracking method with a high accuracy.
Methods: In this study, four-dimensional computed tomography (4D-CT) images of 10 patients were
used, and all the slices which contained the tumor were contoured for all patients. The first four
phases of 4D-CT images which contained tumors were selected as input of the software, and the
next six phases were considered as the output. A hybrid intelligent method, adaptive neuro-fuzzy
inference system (ANFIS), was used to evaluate motion of lung tumor. The root mean square error
(RMSE) was used to investigate the accuracy of ANFIS performance for tumor motion prediction.
Results: For predicting the positions of contoured tumors, the averages of RMSE for each patient
were calculated for all the patients. The results showed that the RMSE did not have a major variation.
Conclusions: The data in the 4D-CT images were used for motion tracking instead of using markers
that lead to more information of tumor motion with respect to methods based on marker location.
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radiotherapy, tumor tracking

Introduction

Lung cancer is one of the most important
causes of cancer deaths in the world. This
cancer is the most common cause of death
in men and the second leading cause of
death in women, after breast cancer.!'! The
main purpose in external radiotherapy is
delivering three-dimensional (3D) uniform
dose into tumor volume and minimizing
the dose to the healthy tissues. Respiratory
motion causes significant motion of
thoracic and abdominal organs and affects
the targeting of external beam to lung
tumors and so introduces uncertainties in
radiation therapy. Therefore, it is a source
of inaccuracy in image acquisition and
lung tumor treatment. For some cases,
the respiration tumor motion may be
at the order of >2-3 cm. Thus, motion
management techniques play an important
role in protecting healthy tissues and
damage to the moving tumor.

To adapt a proper beam delivery for breathing
or lung tumor motion, two techniques have
been developed: Gating and tracking. The
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goal in the gating approach is to select the
time interval, in which the lung tumor moves
into a predefined small gating window.*
In the tracking approach, the beam follows
the moving tumor.[**) The basic requirement
for these techniques is the ability to predict
the tumor motion versus time. Real-time
tumor-tracking radiotherapy was developed
in 1999 to amplify the precision of irradiation
of moving lung tumors.!'”

Several studies have been conducted
to move the beam according to tumor
motion in the lung.!"% These studies
used additional monitoring hardware such
as optical tracking and fluoroscopy for
real-time tumor tracking.'?!!  Although
direct tumor tracking techniques without
external markers and implanting fiducial
markers are desired as more sophisticated
method, usually, external markers, located
on the chest of the patient, are used to
predict the lung tumor motion. Therefore,
this study was conducted to predict
lung tumor motion without any markers
using the adaptive neuro-fuzzy inference
system (ANFIS) methodology.*
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Esmaili Torshabi et al. analyzed substantial effects of two
different data clustering approaches on the fuzzy modeler
performance. The performance of adaptive and multiple
fuzzy logic models was tested in 20 patients treated with
CyberKnife. The final results showed that activating
adequate model selection of our fuzzy-based modeler can
significantly reduce tumor tracking errors.”*! In other study,
Choi et al. showed that clinically applicable results from
the viewpoint of training and predicting time, which may
be effective for predicting patient breathing motion and thus
enhancing the efficacy of radiation therapy.**! Rottmann
and Berbeco investigated the feasibility of training a
respiratory motion prediction model with an external
surrogate signal to avoid exposure of patients from
additional dose due to imaging during this procedure.
Their linear prediction model could reduce latency-induced
tracking errors by an average of about 50% in real-time
image-guided radiotherapy systems with the system.
Yun et al. developed a new ANN-based lung-tumor motion
predictor for MRI-based intrafractional tumor tracking.

In comparison of the previous studies, in this work, a
markerless method was used for prediction of the tumor
position based on four-dimensional computed tomography
(4D-CT) images of the patients. The organization of this
paper is as follows: the next section discusses the ANFIS
system algorithm, in the section of prediction of tumor
position, an implementation of the algorithm is shown, and
the results are presented after that. Finally, we conclude
and give some perspectives for future work.

Materials and Methods
Adaptive Neuro-fuzzy inference system

Adaptive network is a feedforward dynamical neural
network with several layers [Figure 1]. These networks
in the learning process often use supervised learning
algorithm. In addition, in the architecture of adaptive
network, there are a number of adaptive nodes that have
been interconnected straightly without any weight value
between them. The functions and roles of each node in this
network are different, and the output relies on the available
input signals and parameters that are existed in the node.
Parameters in the node are affected by learning rule that
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Figure 1: Architecture of adaptive network

was used, and it can decrease the incidence of errors at the
output of the adaptive network.*

The gradient descent or back propagation algorithm and the
chain rule are commonly used in learning the basic adaptive
network. The slow convergence rate and getting stuck easily
in local minima are major problems on backpropagation
algorithm. Therefore, an alternative learning algorithm,
namely, hybrid learning algorithm have been introduced®
which has the effective strength to speed up the convergence
and prevent the occurrence of trapped in local minima.

ANFIS is an adaptive network method which uses the
neural network with fuzzy inference system to assistant
the inputs to the tumor motion as output.?**! An artificial
neural network (ANN) is a method based on function
approximation, and this model is based on the biological
processing of brain neurons.F” In this study, ANFIS
technique was used to combine the advantages of fuzzy
systems with numeric power in neural adaptive network
systems. With ANFIS both neural network and fuzzy logic
are able to share their ability to predict lung tumor motion.

The first and the fourth layers in the ANFIS architecture
have parameters that can be modified over time. In
the first layer, it comprises a nonlinear of the premises
parameter while the fourth layer contains linear consequent
parameters. A hybrid algorithm proposed by Jang?? is used
to update both of these parameters. The forward path and
backward path are two parts of a hybrid learning algorithm.
The parameters of the premises in the first layer of the
forward path must be in a steady state. The consequent
parameter in the fourth layer was repaired by a recursive
least square estimator method. The convergence rate in the
hybrid learning process is accelerated with the use of RSLE
method. Input data are returned to the adaptive network
input after the consequent parameters are obtained, and the
obtained output will be compared with the true output. The
occurred error within the comparison between the outputs
produced with the true output is propagated back to the
first layer. Simultaneously, learning methods of gradient
descent or backpropagation is used to update the parameter
premises in the first layer.

As an example in ANFIS structure, assuming that x and y
are input variables for single-output fuzzy inference system,
the output variable is calculated with applying of fuzzy
rules to a fuzzy set of input variables. The rule set in this
method contains two fuzzy if-then rules for the first-order
Sugeno fuzzy model:3!%

Rule 1: If x is Al and y is Bl then, f, = p x+q y+r, (1)
Rule 2: If x is A2 and y is B2 then, f, = px+qy+r, (2)

Where p, ¢, and r, (i = 1 or 2) are linear parameters and A,,
B, are linguistic labels. These parameters are characterized
by proper membership functions (MF).?? With MF curve
one can defines the number of points in the input space that
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is mapped to a membership P value between 0 and 1. MFs
are the building blocks of fuzzy set theory, and they may
have different shapes such as trapezoidal, triangular, and
Gaussian. The Gaussian and bell-shape MFs are usually
used to specify fuzzy sets.

Prediction of tumor position

To develop and evaluate the proposed algorithms, 4D-CT
images for 10 lung cancer patients were acquired with
multislice Brilliance CT Big Bore Oncology™[ The data
information related to breathing correlated was obtained
using the Pneumo Chest bellows. Each data set contained
ten 3D-CT phases, representing a breathing cycle.

All the slices which contained tumor were selected for
10 patients, and the tumor margins were delineated in
the selected slices. A breathing cycle for each patient
contained 10 phases. In all slices, the tumor was
contoured by a radiation oncologist. For training of
algorithm, the contoured tumors in each slice of four
successive phases in 4D-CT images were considered
as an input. The algorithm was used to predict the next
phase as the output. For example, the phases of three to
six were used for training the input data, and the seventh
phase was predicted. Tumor motion in three directions
(X, y, and z) was considered for prediction of the motion.
For simplicity, the centers of contoured tumors in three
directions were selected for tracking. The center of
the tumor was obtained by taking an average over the
position of tumor voxels, and the centers of tumor were
tracked slice by slice. The training was performed for
the first six patients, and other four patients were used
for the evaluation of algorithm in the prediction of tumor
motion. All algorithms in this work were applied on the
CT images using MATLAB software.

The most widely used MF in Fuzzy logic is the bell MF.
The generalized Bell MF block use an MF with Simulink®
toll box of MATLAB using a generalized bell-shaped
curve. The generalized bell-shaped curve can be calculated
by:[32’34]

Bell (x; a, b, ¢) = ———; 3)

Where the b is positive, the parameter ¢ locates the center
of the curve, and a shows width of the curve [Figure 2].

The ANFIS method in this work was a multilayer
neuro-fuzzy method, and the related fuzzy inference system
was based on Sugeno type.’¥ Sugeno-type inference is a
more compact and computationally efficient, and it also
uses adaptive techniques for fuzzy models. These adaptive
techniques can also be used to customize MFs to model the
data accurately by fuzzy system. Figure 3 illustrates the
topology of Sugeno type which has a total of five layers:
» Layer 1: Each node in this layer adjusts to a function
parameter. Degree of membership value is the output

from each node that is given by the input of the MFs.
The parameters in this layer are commonly considered
as the premise parameters

* Layer 2: Each node in this layer is constant or
nonadaptive, and the circle node is tagged as m. The
output node is the result of multiplying of signal coming
into the node and conveyed to the next node. Each node
in this layer represents the firing strength for each rule.
In the second layer, the T-norm operator with general
performance, such as the AND, is applied to obtain the
output
Oy =W, = iy (x) * g (1), i=12 4)

* Layer 3: Each node in this layer is constant or
nonadaptive, and the circle node is tagged as N. Every
node is a calculation of the ratio between the i firing
strength of a rule and the sum of all rules’ firing
strengths.

O, =

Wi
| = W %)

» Layer 4: Each node in this layer is an adaptive node to
an output. The parameters in this layer are defined as
consequent parameters with a node function defined
Oy =W fi = w(px + ¢y + 1) (6)

* Layer 5: The single node in this layer is a fixed or
nonadaptive node that the summation of all incoming
signals from the previous node produces the total
output. In this layer, a circle node is tagged as ).

wf;
0. =>Swf =Z":— (7
5i Z lfl‘ ZW

In this structure, the training and predicted values were
considered as input and output, respectively. In the hidden
layers, there were also several nodes functioning as MFs.
The learning algorithm used in ANFIS was one of the
hybrid algorithms, which consisted of the least-squares and
gradient descent method. The measured error to train the
mentioned ANFIS was given by
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Figure 2: An illustration of the generalized bell membership function
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Layer 4

Layer 2

Layer 3

Figure 3: A Sugeno-type model with adaptive neuro-fuzzy inference system
architecture®!

1 N
Root mean square error (RMSE) = ,/FZ(Ai -B)’ (8)
i=1

In which N is the number of predicted samples, A,
and P are i" desired and number of predicted output,
respectively. The RMSE was computed for each patient,
and the average RMSE was used for prediction of lung
tumor motion.

Simulations of this work were performed with a 2.53 GHz
Intel core 15 processor. The in-house ANFIS algorithm was
trained using the Matlab R2014a.

Results

To investigate the accuracy of ANFIS performance for
tumor motion prediction, a statistical parameter was used
as the RMSE. RMSE is equal to the difference between
corresponding observed values and predicted values. The
differences were squared and then averaged over the
samples; and then, the square root of the average value was
taken. The average of RMSE of each patient was calculated
for tracking the positions of contoured tumors. The type and
number of parameters for training ANFIS are illustrated in
Table 1. Table 2 illustrates the value of mean and standard
deviation calculated from RMSE of patients in three
directions.

As the tumor motion was considered in three
directions (x, y, and z), Figures 4-6 illustrate the training
data and ANFIS output in the directions of x, y, and z,
respectively.

Discussion

According to the results, using ANFIS with a hybrid
intelligent method gives acceptable accuracies for
predicting of lung tumor motion. Some of the benefits of
using ANFIS for prediction are: (a) combination of two
technologies of fuzzy systems and neural networks; (b) in
fuzzy techniques, numerical and linguistic knowledge can
be combined into a fuzzy rule base; (c) using learning
methods, fuzzy MFs can be tuned with high efficiency;
and (d) compared to neural networks, in this technique, the
requirements for architecture are simpler and fewer. In this

SUU|
OI # Training Data

250

X position of output data

240

220 230 240 250 260 270 280 290 300

X position of input data

Figure 4: Adaptive neuro-fuzzy inference system and training data output
in the direction of x

Table 1: Various parameters which are used for training
of adaptive neuro-fuzzy inference system

ANFIS parameters Value
MF type Bell function
Number of MFs 5
Output MF Linear
Number of nodes 1297
Number of linear parameters 3125
Number of nonlinear parameters 60
Total number of parameters 3185
Number of training data pairs 420
Number of checking data pairs 420
Number of fuzzy rules 625

ANFIS — Adaptive neuro-fuzzy inference system; MFs — Membership
functions

Table 2: The results of root mean square error per
patient which calculated by adaptive neuro-fuzzy
inference system

Statistical parameters Direction Average RMSE

Mean+SD X 0.1437+0.005
Y 0.1860+0.008
Z 0.3612+0.009

RMSE — Root mean square error; SD — Standard deviation

work, Bell MF was used because this method is specified
by three parameters and has one more parameter compared
to the Gaussian MF, so it can use a nonfuzzy set as long
as the free parameter is tuned. Because of their concise
notation and smoothness, bell MF is a popular method for
specifying fuzzy sets. It has the advantage of being nonzero
and smooth at all points. The followings are the advantages
of using Sugeno:BY (a) it is computationally efficient, (b) it
is connected to the linear techniques, (c) it works well with
adaptive techniques and optimization, (d) it has acceptable
continuity for the output surface, and (e) this method is
proper for mathematical analysis.

28 Journal of Medical Signals & Sensors | Volume 8 | Issue 1 | January-March 2018



Rostampour, et al.: Lung tumor motion prediction
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Figure 5: Adaptive neuro-fuzzy inference system and training data output
in the direction of y

The training was performed for first six patients, and the
next four patients were used for test to evaluate the lung
tumor tracking accuracies. It was observed in the results
that the RMSE did not have a large variation. Based on the
literature, many of the most cited articles on lung tumor
motion estimation using 4D-CT datasets have used the
4D-CT data from 5 to 12 patients.”+

In this study, instead of using markers, the data in the
4D-CT images were used for motion tracking. This results
to more information of tumor motion in comparison with
methods based on marker location. In the systems based on
marker detection, the treatment is less convenient because
IR system is used, the patient holds the breath, and more
labor work is needed. In the use of 4D-CT, it is possible to
track the tumor in off-line bases.

Since the amount of raw input data was relatively low
(the data for the various location of the tumor in the
lung), and the data were not normalized, there was some
fluctuation in the results. With normalization of the
input in the future study; the output fluctuation can be
reduced.

The robustness of proposed method in this study can be
evaluated for large dataset, and the number of MFs can
be increased if we have no limitation in the computing
system. Better accuracies can be expected if there are no
limitations. The nonlinear nature of breathing will also
degrade the quality of prediction, and by increasing the
training data, we can overcome the nonstationary breathing
patterns that were accrued in the images.

The authors are intended to apply the method in
experimental tools in the future. In the future work, it is
suggested that with the investigation of tumor model, the
variation of the shape can be predicted during the breathing
cycle.
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Figure 6: Adaptive neuro-fuzzy inference system and training data output
in the direction of z
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