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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 aims 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.
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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 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 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.




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).



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.




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




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 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.




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.





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 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 can be differentiated once or more to obtain the extreme value. As for the given raw signal, x(t) (t = 1,2…n),the EMD algorithm decomposition is described as follows:

	Extraction of the maximum and minimum values of x(t): the upper and lower envelopes Xmax(t),Xmax(t) are formed by using the cubic spline difference to calculate their mean values m1:

	Extraction details:



 

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

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

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



 

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

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 (IMF0,IMF1) 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.




Figure 4 | Schematic diagram of IMFs and Res decomposed by EMD.





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,…,pi+n) is divided in a ratio of 6:2:2. In addition, the training set is indicated as Ptrain , Ptrain = [p1,p2,…,pn]T ; the valiadation set is denoted as Pvalid , Pvalid = [pj,…, pj+n]T; and the test set is denoted as Ptest , Ptest = [pj,…, pj+n]T. Take Ptrain as an example, form p-1 topn all sequences are isometric sequences, and each sequence contains the original sequence (X1,X-2,…,Xn) and the delay time of the predicted value (t1,…,tn).




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 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, Ximfs = [Ximf1, Ximf2,…, Ximf1, Ximfi+n]T, which is a stationary sequence containing multidimensional features. Target prediction value (label): observation point (w1, w2,…,wn) after delay time t 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 ti = 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.



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 = (x1.x2,…,xr), then the prediction yt of the moment t can only be obtained through x1 to xt-1, which is input before moment t as what has been shown in the left half of Figure 6A. If the filter is defined as F = (f1,f2,…,fk) and K is the number of filters, then the causal convolution at time xt is as follows:

 


There is a big defect in causal convolution. If a more distant xt-n 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.




Figure 6 | FCN architecture. The left half of (A) is a causal convolution schematic and the right half is a dilated convolution schematic, and (B) is the TCN residual block.






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 xt at which the expansion factor is d:

 

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.



3.2.2.2.3 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 convolution 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 × 1, 5 × 3, and 7 × 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 Ximfs = [Ximf1, Ximf2,…, Ximf1, Ximfi+n]T, in which the length of Ximfn 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 × 3 or 5 × 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.




Figure 7 | Network layer of respiratory prediction model.



Second, to enhance the information representation ability of CNNs layer, SEnet attention mechanism is added after each CNNs 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 × 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 2n; 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 of the absolute value of the deviation between all individual observed value and the arithmetic mean. It is defined as follows:

 

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:

 

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:

 

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   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 (ti), 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.


Table 1 | Results of respiratory prediction algorithm.






Figure 8 | Actual breathing trajectory and predicted trajectory. Model delay time is 400 ms.



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 (Xi = 50, ti = 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.




Figure 9 | Model performance comparison.



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-BiLSTM). Table 2 shows the performance comparison results of the proposed algorithm (EMD-SEnetTCN) with the above three models at Xi = 100 and delay times at 80, 150, 240, 300, 400, 450, and 520 ms (ti = 2, 4, 6, 8, 10, 12, and 14).


Table 2 | Results comparison of different respiratory prediction models.



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 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-BiLSTM, 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 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 represents the RMSE indicator.



Figure 11 shows the prediction update time of different depth models in seconds per epoch. Although EMD-CNN-BiLSTM 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-TCNs 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.




Figure 11 | Average update time of different prediction models. The number at the top of the bar graph represents time, and the color of wheat represents the model of this article.



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 (ti = 10) are compared. The results are shown in Figure 12.




Figure 12 | Comparison of prediction results of input data with different lengths. Blue represents the model of this article.



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


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



All the results in Table 3 are based on EMD-Senet-TCN prediction model with epochs = 100, batch size = 128, Xi = 100, ti = 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 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 Robotics and Cognitive Systems, University of Lübeck, 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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