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Radiotherapy is one of the important treatments for malignant tumors. The precision of
radiotherapy is affected by the respiratory motion of human body, so real-time motion
tracking for thoracoabdominal tumors is of great significance to improve the efficacy of
radiotherapy. This paper ams to establish a highly precise and efficient prediction model,
thus proposing to apply a depth prediction model composed of multi-scale enhanced
convolution neural network and temporal convolutional network based on empirical mode
decomposition (EMD) in respiratory prediction with different delay times. First, to enhance the
precision, the unstable original sequence is decomposed into several intrinsic mode functions
(IMFs) by EMD, and then, a depth prediction model of parallel enhanced convolution
structure and temporal convolutional network with the characteristics specific to IMFs is
built, and finally training on the respiratory motion dataset of 103 patients with malignant
tumors is conducted. The prediction precision and time efficiency of the model are compared
at different levels with those of the other three depth prediction models so as to evaluate the
performance of the model. The result shows that the respiratory motion prediction model
determined in this paper has superior prediction performance under different lengths of input
data and delay time, and, furthermore, the network update time is shortened by about 60%.
The method proposed in this paper will greatly improve the precision of radiotherapy and
shorten the radiotherapy time, which is of great application value.

Keywords: radiotherapy, respiratory motion prediction, deep learning network, empirical mode decomposition,
temporal convolutional network

1 INTRODUCTION

When a patient with cancer undergoes radiation therapy, the fluctuating movement of chest and
abdomen caused by human respiratory motion makes the tumor unable to rest statically in the
planning target volume (PTV), which causes it impossible to ensure the coverage of tumor by simply
increasing the PTV area. Meanwhile, it is very likely for the organs at risk (OARs) around the tumor
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to be destroyed during radiotherapy, thus causing secondary
injury to the patients (1). Some studies have shown that, during
breathing, some muscles (such as the diaphragm) move 20-130
mm, the lungs move an average of 8-10 mm, and the liver moves
an average of 1-19 mm (2). Therefore, it is of great significance to
reduce the adverse effects of human respiratory movement in the
process of cancer treatment.

To address the problem of respiration-induced tumor
displacement, many clinical initiatives have been proposed,
including breath-holding techniques (3), passive compression
techniques (4), respiratory gating techniques (5), and real-time
tracking techniques (6). Breath-holding technique and passive
compression technique both reduce the impact by actively
controlling human respiration by itself or external equipment,
which is very convenient, but the mandatory control makes the
patient’s tolerance poor and is not suitable for patients with
pulmonary insufficiency. Respiratory gating technology tracks
the location of the tumor by monitoring the patient’s breathing
and adjusting the radiation instrument to match a specific
breathing cycle. Real-time tracking technology is currently one
of the best methods to track tumors and improve treatment
effects. It continuously adjusts the irradiation target area to track
tumors in real time through in vitro marker signals
(respiration laws).

Vedam et al. (7), Ozhasoglu and Murphy (8), and Fayad et al.
(9) verified the correlation between respiration and tumor
movement to varying degrees. CyberKnife, Exactrac, and Vero
system are respiratory motion tracking systems applied in
clinical practice. In the actual treatment, the machine system
establishes the motion relationship between marker signals and
tumor through the prediction model, so as to adjust the
radiotherapy target position. A certain time delay is required
during the adjustment process, which demands the
establishment of prediction delay system through the external
respiratory signal. The accuracy of delay prediction directly
determines the target position in radiotherapy. The CyberKnife
system has a system delay time of about 115 ms from data
acquisition, calculation of tumor location, to adjustment of the
radiation beam. The delay of Vero system is about 50 ms and that
of Varian MLC system is about 420 ms (10, 11). To compensate
for these delays, some prediction algorithm is used to calculate
the future position of the target.

Conventional time series prediction models have been
applied in the field of respiratory prediction, such as extended
Kalman filter algorithm based on Kalman filter (12) combining
with support vector machine (13), wavelet-based multi-scale
regression (14), recursive least squares algorithm (15), and an
autoregressive integrated moving average (ARIMA) model (16).
With the development of deep learning, it has brought new
possibilities to respiratory motion prediction. Deep learning can
effectively mine time series information and semantic
information, independently extract a large number of data
features, and improve the prediction accuracy. To compensate
for the system delay and improve the accuracy of respiratory
motion prediction, this paper proposes a multi-scale enhanced
time series convolution respiratory motion prediction model

based on deep learning network. The main contributions are
as follows:

(1) A multi-scale enhanced convolution and temporal
convolution network (TCN) based on squeeze-and-
excitation is proposed to establish a deep convolution
neural network model for respiratory motion prediction.

(2) Aiming at the simplification of respiratory signal features,
EMD algorithm is used to decompose the original complex
sequence into several intrinsic mode functions (IMFs) with
different time scales so as to increase the network fitting
ability and improve the prediction precision.

(3) The underlying features of different receptive fields are
extracted by using a multi-scale convolution kernel, and
attention mechanisms are added to the feature space.

(4) The recurrent neural network (RNN) model is replaced by
the TCN, which has higher precision and time efficiency than
birectional long short-term memory (BiLSTM).

2 RELATED WORK

Deep learning is based on artificial neural network (ANN), which
has stronger adaptability in the case of irregular breathing model
and model. Some studies have shown (17, 18) that the ANN
structure has certain advantages in the prediction of respiratory
motion, especially when the respiratory signal is unstable and
non-linear.

Convolutional neural network (CNN) can deal with data
similar to grid structure through convolution operation and
perform exceedingly well in many fields such as time series
and image data; RNN has some advantages when learning the
non-linear characteristics of sequences. LSTM is one of the
classical algorithms of RNN series because of its introduction
of the gate mechanism to make the network have a certain
memory, so that the network can capture the long-distance
dependence of the sequence and better overcome the
disadvantage of gradient disappearance in RNN. This deep
learning mechanism allows the automatic construction of a
model from a problem or set of rules. When dealing with large
amounts of data, the model can adapt to input new data or
import new knowledge through other models, allowing it to solve
almost any real-world task (19). Wang et al. (20) established
BiLSTM network by composing forward and backward LSTM
and applied it in the experiment respiratory data of 103 patients
with malignant tumors. Through the experiment, they found
that the best prediction effect was obtained when seven-slice
BiLSTM was used, with an average absolute error of 0.074 mm
and a root mean square error (RMSE) of 0.097 mm at a delay
standard of 400 ms, which was three to five times higher than the
prediction precision of ARIMA and multi-layer perceptron
neural network (ADMLP-NN). Compared with traditional
prediction models, the deep learning network with higher
robustness can greatly improve the prediction precision, which
can be applied to data of different patients and reduce the
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interference of delay time. However, deeper network will lead to
longer update time of prediction, which is not conducive to the
update of prediction model. The Bidirectional Gated Recurrent
Unit (Bi-GRU) rapid breathing prediction model was
constructed by Yu et al. (21) by using a variant of LSTM-
gating cycle unit (GRU), consequently reducing the time
efficiency by about 30% compared with the LSTM model,
which greatly improved the update time of the prediction
network. Therefore, deep learning will be an emerging force
driving progress in the field of respiratory motion prediction.

In general, the prediction accuracy of the model can be greatly
improved by training the model on the clinical data of a limited
number of patients (18, 22). However, when the model is applied
to new patient data, the prediction effect is greatly discounted,
and the generalization ability of the prediction model needs to be
improved. Each patient has different physical conditions and
respiratory states, and it is of great significance to design a
general model to predict the respiratory signals of different
patients (23). The establishment of a general model requires a
large amount of patient data as support, so deep learning has
good applicability, because deep learning has better learning and
analysis capabilities under a large amount of data.

3 MATERIALS AND METHODS

3.1 Respiratory Movement Data

The data used in this paper are a publicly available dataset
derived from the Institute of Robotics and Cognitive Systems,
University of Lubeck, Germany (24). This dataset contains the
respiratory data of 103 patients with horacoabdominal tumors,
with a total of 306 respiratory motion trajectories. Three markers
are installed on the chest and abdomen of each patient, and the
trajectory data of the markers moving along with the respiratory
movement were recorded. An optical tracking sampling

instrument with a sampling frequency of 26 Hz is used for
sampling work.

3.2 Research Methods

In this study, we built a respiratory motion prediction model and
used in vitro marker signals to predict tumor motion trajectories.
Figure 1 shows the process of tumor motion and machine
positioning during radiotherapy. First, a tumor motion area in
the lungs that follows the patient’s breathing is determined, and
then, the tumor motion trajectory is further captured in this area.
Considering the problem of mechanical and computer delays,
the respiratory motion prediction model needs to determine the
trajectory of the tumor after a period of delay, and finally
perform radiotherapy to kill tumor cells.

The overall framework of the breathing motion prediction
method based on the deep CNN is shown in Figure 2, which is
mainly divided into two steps (1): data preprocessing and feature
extraction: abnormal detection and correction of respiratory
signals and extraction of features using EMD decomposition
signals (2); respiratory motion prediction model: a deep
respiratory motion prediction model composed of multi-scale
convolution neural network including SEnet attention
mechanism and TCN for the prediction of respiratory position
at different delay times from 200 to 500 ms.

3.2.1 Data Preprocessing

In order to extract more information features and reduce the
influence of interference information on prediction. First, the
integrated model Bagging is used to detect and correct the
abnormal interval, and then, the original series is decomposed into
several IMFs containing different time scales by EMD algorithm, and
finally, the dataset is divided as the input of depth prediction model.

3.2.1.1 Remove Outliers
Because of the long time of data acquisition, tumor patients
sometimes have actions such as coughing, sneezing, or speaking

FIGURE 1 | Schematic diagram of lung tumor motion tracking, (A) is the process of tumor localization (25). Each of (B) is a 4DCBCT (four-dimensional cone beam CT)
sequence image of tumor tracking at different stages in a respiratory process, obtained by the EELKTA Synergy XVI system in the University of Tokyo Hospital (26).

Frontiers in Oncology | www.frontiersin.org

May 2022 | Volume 12 | Article 884523


https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Shi et al.

Prediction Model of Tumor Respiratory Movement

Respiratory

Movement Signal Abnormal Signal

200 3000

Exception Correction

Prediction

prediction model based on deep learning, so as to achieve accurate prediction.

during the acquisition process, which will greatly interfere the
stability of respiratory trajectory, resulting in relatively intensive
abnormal signals of respiratory data at a certain time segment.
Therefore, this paper uses Bagging to deal with abnormal signals.
Bagging mainly samples T sampling sets containing m training
samples, then trains a base learner on the basis of each sampling
set, and finally combines these base learners together (27).
Figure 3 shows a comparison diagram before and after
processing an abnormal signal.

3.2.1.2 Empirical Mode Decomposition

Complex time series data will reduce the prediction precision of
the prediction model, which will be alleviated to some extent by
and the introduction of some decomposition algorithms in the
pre-phase of data procession. Because the respiratory motion
signal is a complex time series with non-linear, non-stationary,
and univariate characteristics, when fitting this type of sequence
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FIGURE 2 | The overall framework of respiratory motion. Use EMD to fully extract the features of the respiratory motion signal and learn the features by building a
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with deep learning network, there are often problems such as
gradient disappearance or explosion, and it is impossible to
accurately identify the slight change characteristics of a certain
time scale (28). Considering the multi-scale characteristics of
time series, Fourier spectrum analysis and wavelet analysis are
usually used to decompose the data to predict the better learning
characteristics of the model. However, the limitations of these
methods limit the operation of the prediction model to a certain
extent, and empirical mode decomposition (EMD) can
adaptively decompose complex signals. Compared with the
above methods, EMD can more accurately reflect the original
physical characteristics and local performance.

EMD decomposition is based on the following assumptions
(29): the data have at least two extreme values (maximum and
minimum); the local time-domain characteristics of the data are
uniquely determined by the time scale between extreme points; if
the signal is not extreme but contains an inflection point, then it
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FIGURE 3 | Schematic diagram of outlier correction and comparison, (A) is a segment of the original respiratory signal, which contains an abnormal state in a
certain time interval, (B) shows the result of the respiratory signal after the outlier correction algorithm. Compared with the original signal, it can be seen that the part

containing outliers has been successfully corrected, and the rest remain unchanged.
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can be differentiated once or more to obtain the extreme value.
As for the given raw signal, x(f) (t = 1,2...n),the EMD algorithm
decomposition is described as follows:

e Extraction of the maximum and minimum values of x(¢): the
upper and lower envelopes X,ax(£),Xmax(t) are formed by
using the cubic spline difference to calculate their mean
values m;:

e Extraction details:

hy = m(t)-m (1)

* Judgment of whether s, IMF formation conditions: If it meets,
then an IMF will be derived and the remaining volume #(f) = x
(£)-h(t) will be in lieu of () ; if not, then h, will be in lieu of x
(0.

* Repetition of the above steps: When the standard deviation
(0.2-0.3) is met the iteration will be ended.

e After the decomposition process, can be replaced by the
following formula:

()= ShO) +r,(® @)
=1

In this formula, # is the number of IMF; k; () (j = 1.2,...n) are
IMFs; and r,(t) is the final residual error, which indicates the
central trend of x(1).

For the generalization ability of the model, this paper uses the
clinical respiratory data of 103 patients in the database and
randomly selects a continuous signal (the total length of each

signal is 10,000, about 7 min) from 306 respiratory trajectories as
the model sample set. As shown in Figure 4, a series of length
10,000 is decomposed into nine IMF components and one
residual (Res), and the physical meaning of each component of
the IMF, whose order is divided according to the frequency from
high to low, represents each frequency component of the raw
signal. Because of the large amount of noise at high frequencies,
the first two high-frequency IMF componets (IMF,,IMF;) are
removed, and the remaining components will input the physical
characteristics of the raw signal and into the prediction model.
Because EMD is an adaptive decomposition, the respiratory data
series of different patients will be decomposed into different
amounts of IMF. Before being input into the network, it is
necessary to supplement the number of IMFs of each original
series in the whole database. The supplemented IMF
components are filled with 0, so as to achieve a unified
number of IMFs of each patient’s respiratory series.

3.2.1.3 Division of Preprocessed Data

The training set, validation set, and test set are partitioned
among the filtered IMF components. As shown in the division
diagram Figure 5, the original sequence P = (p1,p2,..,Pi>- - -Pitn)
is divided in a ratio of 6:2:2. In addition, the training set is
indicated as Piain > Prrain = [P1sPas---pul 5 the valiadation set is
denoted as Pyyjig > Pyasia = [Pjp-- - ij]T; and the test set is denoted
as Pret » Prest = [Pjpe-+s Pjen] - Take Py, as an example, form p-1
top,, all sequences are isometric sequences, and each sequence
contains the original sequence (X;,X-2,...,X,,) and the delay time
of the predicted value (t,....t,).
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FIGURE 4 | Schematic diagram of IMFs and Res decomposed by EMD.
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IMFs, and the data of equal length are intercepted as the feature input.

Network model input: After decomposition of the original
sequence X, IMFs correspond to part of Ximfs, Xjun = [Ximp,
Ximpase-os Ximgrs Ximﬁ+,,]T, which is a stationary sequence
containing multidimensional features. Target prediction value
(label): observation point (wy, w,,...,w,,) after delay time ¢ is the
target prediction value, which is sampled from the original
sequence and does not contain IMFs information. According
to the equipment sampling frequency of 26 Hz, the
corresponding delay time at t; = 3,5,10, and 13 is about 100,
200, 400, and 500 ms, respectively.

3.2.2 Respiratory Motion Prediction Model

The deep convolution neural network model proposed in this
paper for respiratory motion prediction includes three major
parts. First, multi-scale convolution layers are used to extract
features in parallel to find the optimal local sparse structure of
the convolution network and obtain timing information fully.
Second, the addition of a SEnet-based attention mechanism to
the convolved feature channel increases the sensitivity of the
model to the channel feature and automatically learns the
importance of the different channel features. Last, TCNs are
used to grasp long-time dependent information and assign each
convolutional feature to a causal relationship, thereby predicting
respiratory motion signals for a future period of time.

3.2.2.1 Squeeze and Exception Module

CNN has the ability of characterization learning, translates
invariant classification of input information according to the
hierarchical structure, and fuses spatial and channel information
in the local receiving domain of each layer of network to
construct local features. A squeeze-and-excitation module is
proposed on the basis of CNN by Hu et al. (30), which
improves the CNN characterization ability by improving the
spatial coding quality at the feature level and clearly establishing
the interdependence between convolutional feature channels.

FIGURE 5 | Schematic diagram of training set, verification set, and test set classification. The original data at each end are decomposed by EMD to form multiple

3.2.2.2 Temporal Convolutional Network

The main characteristics of TCN include adopting a one-
dimensional fully convolutional networks (FCNs) (31)
to receive input sequences of any length as inputs and map
them into output sequences of equal length at the same time;
each time is calculated simultaneously, not serially on the time
sequence, to improve the network operation efficiency; causal
convolution is used, so that each convolution layer is causally
related, which means that information “leakage” will not occur
from future to the past. Briefly: TCN = 1D FCN + Causal
convolutions (32).

3.2.2.2.1 Causal Convolutions. If the input sequence is shown
as X = (x;.%5,...,%,), then the prediction yt of the moment ¢ can
only be obtained through x; to x,;, which is input before
moment  as what has been shown in the left half of Figure 6A. If
the filter is defined as F = (f},f2...,fx) and K is the number of
filters, then the causal convolution at time x; is as follows:

K
(F#X)(x,) = kakxt—IGk 3)
-1
There is a big defect in causal convolution. If a more distant
X, is needed as input to enlarge the receptive field, then a large
number of convolution layers are needed, which increases the
network depth and easily causes problems such as gradient
disappearance and poor fitting effect.

3.2.2.2.2 Dilated Convolutions. Dilated convolution can be
used to solve the above problems; meanwhile, it is also
the convolution used by the TCN network. To obtain larger
receptive field, the dilated convolution (d) introduces the concept
of dilation factor, which allows the input interval adoption
during the convolution. Adding to the dilation factor gives
sequence X dilated convolution at x, at which the expansion
factor is d:
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K
(FaxX)(x) = fec Xwnd )
k=1

The right half of Figure 6A shows that d = 1 at input is a
common convolution, with d = 2 for the first hidden layer and d = 4
for the second hidden layer, and the expansion factor increases
exponentially by 2 as the network layer increases.

3.22.2.3 Residual Connections. The residual connection is
added to the TCN network, which allows the network to transmit
information across layers and solves the problems of gradient
disappearance or explosion of deep network, and learning the
overall transformation of input X changes into learning the
partial modification of input X. In the TCN, residual blocks are
used to replace convolution layers, which include dilated con-
volution with two layers and non-linear mapping. In addition, a
WeightNorm and Droput regularization network is used in each
layer, with a linear rectification function (Relu) as the activation
function as shown in Figure 6B.

3.2.2.3 Network Layer of Respiratory Motion

Prediction Model

The main body of respiratory motion prediction model is
composed of multi-scale enhanced CNNs layer (CNN_SEnet)
and a TCN layer. As shown in Figure 7, first, a multi-scale
convolution channel is composed of a convolution layer
containing different convolution kernels, and the sizes of each
convolution kernel in each channel are 3 x 1,5 x 3, and 7 x 5,
respectively, with a step size of 1 and a convolution filter of 16.
Setting convolution kernels at different scales allows the model to
learn different local features in the sequence. For example,
smaller convolution kernels can extract local subtle features
and are more sensitive to instantaneous changes in the
sequence; larger convolution kernels mainly extract local trend
features and can control the overall features at a certain time
scale. The input of the prediction model is X5 = [Ximmp, Ximp

cor Ximfts X,»mﬁH,]T, in which the length of X, is the IMFs
containing a certain time length, about 100 to 400, and the width
is the IMFs with different frequency components formed by the
original sequence after EMD decomposition, about 10 to 15. Its
length-width ratio gap is so large that the convolution kernel size
is no longer set as the conventional 3 x 3 or 5 x 5 but set the
convolution kernel of the above size, which can highlight the
time-domain characteristics when the frequency-domain
characteristics are ensured. Each scale channel contains a
convolution layer of three above parameters for adequately
extracting feature information in the sequence.

Second, to enhance the information representation ability of
CNN s layer, SEnet attention mechanism is added after each
CNN s channel, and the weight coefficient of each channel after
convolution is learned, so that the model has more
discrimination ability for the characteristics of each channel.
Its network parameters are detailed in the literature. The
activation function Relu and the maximum pooling layer with
a 2 x 2 window are then performed for extracting important
features and discard irrelevant features.

Then, the output of the three scale channels is combined
through the connecting layer to form a richer information
feature. Afterward, the causal relationship of each feature can
be found out through the TCN layer, and the future information
is predicted through the historical information feature. The
number of filters in this module is set as 32; the convolution
kernel size is 3; the dilation factor grows by 2" the number of
stacks of residual blocks is 1, and the activation function is Relu.
Last, the predicted target values were obtained through Flatten
layer and full junctional layer.

3.2.3 Evaluation Criteria

In this paper, the mean absolute error (MAE), RMSE, and R2
determination coefficient (R2_score) are used as evaluation
indexes of respiratory prediction algorithm. MAE is the mean
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of the absolute value of the deviation between all individual
observed value and the arithmetic mean. It is defined as follows:

1 X .
MAE = ﬁEU’i - il )
i=1
The RMSE is the square root of the ratio of the square of the
deviation of the predicted value from the true value to the
number of observations n, and it is defined as follows:

1 N *\2
\/ﬁg()’i—)’i) (6)

R2_score is the overall fit of the regression equation, and the
closer the value of R2 is to 1, the better the fit of the regression
equation to the observed value is, which can be defined as
follows:

RMSE =

2
RMSE = 1-2ViT0) @)

>i0i=i)
In this equation, N is the number of data points; y is the actual
respiratory motion trace; y* is the trajectories of respiratory

motion prediction; and 3(7; — y/)” is a benchmark model in the
field of machine learning.

4 RESULTS AND DISCUSSION
4.1 Results

Table 1 and Figure 8, respectively, show the experimental results
of the proposed EMD-SEnet-TCN multi-channel depth
prediction model in this paper; in addition, the prediction
results in this paper are all calculated according to the
following parameters: epochs = 100, batch size = 128,
optimizer = Adam, and learning rate = 0.001. Judging from the
results, although the prediction precision decreases with the
increase of delay time (f;), the prediction accuracy is still
ensured to some extent; when the length of model input data
is increased, the network does not present gradient explosion or
disappearance problems, which indicates that the proposed
algorithm in this paper has the ability to overcome long-

distance dependence and can make full use of historical
information to predict the future information.

To verify the higher prediction precision of the model in this
paper, a comparison is made with the Deep BiLSTM model
proposed by Wang et al. (20) with the same dataset. Figure 9
shows the comparison of these two algorithmic models under the
same parameters (X; = 50, t; = 1.5, and 10). It can be seen from
the figure that the prediction precision of the algorithm proposed
in this paper is better at different delay times under the MAE and
RMSE evaluation indexes.

Because of the limitations of different input samples,
preprocessing operations, and experimental platforms under
different models, to illustrate the superiority of this model
more clearly, a comparison among three depth prediction
models is conducted, including multi-convolution combined
with BiLSTM network (CNN-BiLSTM), multi-channel
convolution combined with TCN model (CNN-TCN), and
multi-channel convolution combined with BiLSTM based on
EMD (EMD-CNN-BIiLSTM). Table 2 shows the performance
comparison results of the proposed algorithm (EMD-
SEnetTCN) with the above three models at X; = 100 and delay
times at 80, 150, 240, 300, 400, 450, and 520 ms (t; = 2, 4, 6, 8, 10,
12, and 14).

As shown in Figure 10, the prediction precision of each
model is high, and there is no significant difference when the
delay time is shorter than 240 ms. The MAE and RMSE are about
0.72% ~ 0.18% and 0.21% ~ 0.28%, respectively. When the delay
time exceeds 240 ms, the better performance of EMD-SEnet-
TCN becomes more and more obvious. To meet the clinical
requirements, 400 ms is used as the standard delay time.
Compared with CNN-TCN, the precision decrease of MAE
and RMSE are by 13.7% and 9.2%, respectively, whereas for
R2_score, the precision increases by 2%. The difference between

TABLE 1 | Results of respiratory prediction algorithm.

Input Length (Xi) Latency (ms) MAE (mm) RMSE (mm) R2 (None)
50 120 (= 29) 0.009022 0.022503 0.989431

100 200 (t; = 5) 0.016584 0.031588 0.979483
200 400 (t; = 10) 0.035926 0.053782 0.941398
400 500 (t; = 13) 0.048367 0.068925 0.908258
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these two models is whether EMD is used or not. Judging from
the results, EMD is very effective for improving the precision of
the model. Compared with CNN-BiLSTM, the precision values
of MAE and RMSE decreased by 15% and 18.3%, respectively,
whereas the precision value of R2_score increased by 1.4%;
compared with EMD-CNN-BIiLSTM, the precision values of
MAE and RMSE decreased by 8.4% and 9.1%, respectively,
whereas the precision value of R2_score increased by 1%, of
MAE decreased by 8.4%, of RMSE decreased by 9.1%, and of
R2_score increased by 1%. The prediction precision of this
model is very close to that of this paper due to the similar
structure of the two depth models and the difference lies in TCN
and BiLSTM. EMD-SEnet_ TCN not only has higher precision
but also improves of prediction update time. The results show
that, compared with other prediction models, the model in this
paper has excellent performance at different delay times, and the
prediction model performance will be further improved with the
increase of delay time.

Figure 11 shows the prediction update time of different depth
models in seconds per epoch. Although EMD-CNN-BIiLSTM is
slightly inferior to the model proposed in this paper in terms of

prediction precision, the update time has reached 10 s per epoch,
which is much longer than the update time of EMD-SEnet_ TCN
(2 s per epoch), failing to meet the clinical requirements; whereas
the update time of CNN-TCNss is the shortest, only 1 s per epoch,
without meeting the standard of prediction pricision; as for other
prediction models, all perform poorly in terms of precision or
update time. In general, the prediction model proposed in this
paper greatly reduces the average update time with the guarantee
of high prediction precision, so that the network can predict the
target value quickly and accurately.

The input data length of the model affects the prediction
precision to a certain extent. Generally, to lower the prediction
error, the input data segment should be located near the target
prediction value because the farther the distance is, the weaker
the correlation is. In addition, if the data is too long, then there
will be problems such as increased training time of the prediction
model and gradient disappearance or explosion. To study the
effect of different lengths of input data on the prediction results,
the prediction errors of different data with lengths of 50, 100,
200, 400, and 600 at a delay time of 400 ms (f; = 10) are
compared. The results are shown in Figure 12.

Model performance comparison (MAE)

—o— EMD-SEnet-TCN
1 —&— Deep Bi-LSTM

50 100 150 200 250

Latency(ms)

300 350 400

FIGURE 9 | Model performance comparison.
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TABLE 2 | Results comparison of different respiratory prediction models.

Prediction model Latency (ms) MAE (mm) RMSE (mm) R2 (None)
EMD-SEnet-TCN 80 0.008797 0.01814 0.993157
150 0.016442 0.026901 0.985422
240 0.021495 0.033960 0.975841
300 0.028391 0.042698 0.960636
400 0.031789 0.0491499 0.951819
450 0.038560 0.058295 0.928711
520 0.045638 0.064746 0.910043
CNN-BILSTM 80 0.013164 0.020244 0.994183
150 0.015645 0.021739 0.989963
240 0.026275 0.032612 0.966891
300 0.040191 0.051979 0.939334
400 0.044840 0.060412 0.917064
450 0.051416 0.071154 0.890039
520 0.059593 0.080446 0.857721
CNN-TCN 80 0.007193 0.009572 0.997983
150 0.020939 0.028718 0.985953
240 0.022003 0.031190 0.978862
300 0.029881 0.045487 0.961351
400 0.040356 0.054568 0.932332
450 0.048732 0.070259 0.893678
520 0.054356 0.077895 0.869860
EMD-CNN-BILSTM 80 0.010331 0.022604 0.989376
150 0.017215 0.025713 0.986681
240 0.0257432 0.038429 0.969060
300 0.029316 0.045936 0.954440
400 0.037918 0.054366 0.937525
450 0.040603 0.060994 0.911850
520 0.048301 0.065581 0.907710

With the increase of input data (X;) the prediction errors of
different models increase, among which the gradient of CNN-
BiLSTM disappears at X; = 600 and both MAE and RMSE
increase abnormally; EMD-CNN-BiLSTM and CNN-BiLSTM
have better prediction precision when X; is small, but the
prediction error increases rapidly when X; is big; CNN-TCN
has a more stable prediction error fluctuation at different X;
whereas that of MAE and RMSE are big; comparing the above

three models, EMD-SEnet TCN displays excellent prediction
performance in that it can cope with sequence information of
various lengths and ensure certain prediction precision.

4.2 Discussion

Choosing different optimizer (Op) and learning rate (Lr) will affect
the prediction results of deep prediction model. The optimizer is
used to update and calculate the network parameters affecting the
training and output of model, so that they approximate or reach
the optimal value to minimize (or maximize) the loss function. The
learning rate determines whether the objective function can
converge to the local minimum value and when it can converges
to the minimum value. The appropriate learning rate can make the
target function converge to the local minimum value at appropriate
time. SGD is a relatively commonly used optimizer, in which noise
will be added when the gradient is randomly selected, and the
update weight value does not reach the global optimum, which
makes the accuracy rate decrease; Adagrad adopts an adaptive
learning rate optimization algorithm to update the low-frequency
parameters greatly while update the high-frequency parameters less;
Adadelta is an improvement of Adagrad because it has an
exponential decay average; RMSprop changes the gradient
accumulation of Adagrad into an exponentially weighted moving
average, improving the effect under non-convex settings; Adam
combines the momentum advantages of RMSprop with SGD to
form an optimizer with better performance.

Different optimizers display differently in various tasks, and it
is not necessarily that the more advanced the version is, the
better its results are. To select a better optimizer, the comparison
of different optimizers is performed in Table 3. The learning rate
controls the update speed of model parameters-Lr is too small, it
will greatly reduce the network convergence rate and increase the
training time; if it is too large, then it will lead to parameters
oscillating on both sides of the optimal solution. Table 3 below
shows the prediction model performance results of different sizes
of learning rates (0.1, 0.01, 0.001, and 0.0001).

Model performance comparison

- N(MAE)

—¥— CNN-Bi_LSTM(MAE)

—#— CNNsTCN(MAE)
EMD-CNNs-Bi_LSTM(MAE)
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FIGURE 10 | Model performance comparison under different depths and different evaluation criteria. Under different predictive evaluation indicators, the performance
of this model is compared with the other three models. The blue represents the model of this paper, the solid line represents the MAE indicator, and the dashed line
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All the results in Table 3 are based on EMD-Senet-TCN
prediction model with epochs = 100, batch size = 128, X; = 100,
t; =10 (400 ms). From Table 3, it can be seen that Op uses Adam.
MAE and RMSE are the smallest and their prediction is the most
accurate. Although Adadelta is an advanced version of Adagrad, it
is not very effective when applied under the prediction model in

TABLE 3 | Effect of different parameters (Op, Lr) on EMD-SEnet_TCN.

Parameters MAE (mm) RMSE (mm) R2 (None)
Op =SGD 0.087130 0.116361 0.702972
Op = Adam 0.035789 0.051499 0.941819
Op = Adagrad 0.049455 0.069139 0.895137
Op = Adadelta 0.166532 0.200430 0.118740
Op = RMSprop 0.039013 0.060148 0.910473
Lr=0.1 0.308492 0.375175 -2.08768
Lr=0.01 0.037244 0.053731 0.936662
Lr =0.001 0.034789 0.049149 0.951819
Lr = 0.0001 0.041593 0.057317 0.927934

this paper. The different learning rate settings were all obtained
under Op = Adam, and the best result was obtained when Lr =
0.001, where when Lr = 0.01, the learning rate is too large to result
in a model that could not converge and the regression coefficient
was negative. It can be seen that the model in this paper uses Op =
Adam and Lr = 0.001 to the best prediction results.

5 CONCLUSION

Respiratory motion brings great difficulties to the treatment of
thoracoabdominal tumors, and respiratory motion prediction
models are extremely important for precision radiotherapy. In
this paper, a depth prediction model (EMD-SEnet-TCN) is
proposed for the application of respiratory motion signals in
radiation therapy for patients with cancer. The method was
validated by using respiratory motion signals from multiple
patients with malignant tumors in the database of the Institute of
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Robotics and Cognitive Systems, University of Liibeck, Germany.
The results of this paper show that (1) the depth prediction model
method proposed in this paper is superior to other benchmark
models in terms of delay prediction precision and time update
efficiency (2); it verifies that the decomposition of complex
respiratory motion signals by using EMD can further improve
the prediction precision of the prediction model (3); the multi-scale
CNN containing attention mechanisms has a better feature
extraction ability for finite IMFs of respiratory motion signals.
This work solves one of the major challenges for precise prediction
of the state of patient respiratory motion signals, and in medical
practice, the proposed method has important practical significance
for precision radiation therapy.

The present study has some limitations. The first one is the
correlation between the external respiratory signal and the internal
tumor motion. In order for our technique to be applied clinically,
another model needs to be designed to realize the correlation
analysis in the future. The second is that whether the prediction
technology in this paper achieves clinical application is the key to
future research. On the basis of complying with legal and ethical
requirements and respecting patient privacy, it is very important
to determine a medical analysis platform that applies the deep
learning framework in the future.
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