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A B S T R A C T   

Lung surgery, particularly lung puncture, is challenging because respiration motion significantly displaces lung 
tissues (e.g., blood vessels, trachea), including targeted lesions. To improve the success of lung surgery, it is 
essential to determine how lung tissues move during respiration. Early work used simple mathematical models 
(e.g., linear models) to predict lung-tissue displacement. However, the quality and quantity of pulmonary 
computed tomography (CT) images used to build such models were limited, preventing their universal appli
cation. Moreover, such mathematical models are too simple to describe how lung tissues are displaced during 
respiration. In this work, we analyzed the relationship between body-surface and lung-tissue displacement in a 
large number of multi-phase pulmonary CT images to create a model predicting lung-tissue displacement. First, a 
systematic method based on unsupervised learning approaches was designed to calculate the displacement of the 
body surface and lung tissues. Second, a deep neural network model was developed to predict lung-tissue 
displacement, using the body-surface displacement observed in CT imaging data as input. Multi-phase pulmo
nary CT images from 199 patients were collected to train and test our model. The validation experiment 
demonstrated that the prediction accuracy based on our deep learning model reached 79.8%, which out
performed traditional machine learning approaches like the linear model (79.2%), linear support vector 
regression model (79.2%), and support vector regression model with radial basis function (67.2%). These results 
demonstrated that our method could predict lung-tissue displacement based on body-surface displacement 
during respiration, potentially improving the success of lung puncture procedures.   

1. Introduction 

Lung cancer is one of the most frequently occurring and deadly 
cancers in the United States, making it an important public health 
concern [1]. Diagnosing lung lesions as benign or malignant influences 
the treatment strategy and prognosis of the disease [2,3]. Biopsy and 
ablation of pulmonary lesions by percutaneous puncture are highly ac
curate for diagnosing malignant chest diseases and play a crucial role in 
lung cancer treatment [4]. Precise navigation to the lesion is essential 
for pulmonary puncture biopsy and local treatment. However, in prac
tice, a patient’s respiratory movements can cause significant deviation 

of the lesion, requiring multiple adjustments to the direction and depth 
of the puncture needle to reach the target site [5]. Clinical studies show 
that the lungs, liver, and kidneys are most affected by pulmonary res
piratory movements [6]. Therefore, there is an urgent need to study the 
effect of respiratory motion on lesion displacement to design more ac
curate localization and puncture guidance techniques and improve lung 
surgery’s success rate. 

Many studies have been conducted to reduce the impact of respira
tory movement during lung surgery [7,8]. In the field of puncture pro
cedure, Zheng et al. [9] proposed a novel follow-up compensatory 
method for respiratory movement in robot-assisted puncture 
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procedures. Ma et al. [10] proposed a framework based on long short- 
term memory (LSTM) to correlate the movement of body-surface 
markers with the displacement of internal tumor lesions to more accu
rately predict real-time tumor position during robot-assisted biopsy 
procedures. 

Both direct and indirect measurements can measure lung-tissue 
displacement in real time. Direct measurement is more accurate, but it 
may damage the lung tissues. Indirect measurement (e.g., estimation 
based on body-surface movement) may introduce error, although it 
avoids damaging the tissues. Indirect modeling can be implemented by 
different approaches such as linear regression [11], non-linear poly
nomial regression [12], B-spline function [13], principal component 
analysis [14], fuzzy logic [15], support vector regression (SVR) [16], 
and deep neural networks [17]. Due to the disadvantage of taking direct 
measurements during surgery, there are few lung computed tomography 
(CT) images to build models from, which is insufficient for universal 
application. Therefore, indirect measurement would be preferred if the 
measurement error can be eliminated or constrained to an acceptable 
range. However, existing mathematical models are simple and thus 
cannot precisely describe how lung tissues are displaced during respi
ration movement. 

Point-set registration with optical markers is widely used with CT 
imaging to obtain lung-tissue displacement measurements at different 
respiration phases, allowing a relationship to be determined between 
marker displacement on the CT images and the actual displacement of 
the patient’s lung. In other words, image coordinates are mapped to the 
physical coordinates [18]. Some image-to-patient registration methods 
have been proposed [19,20], which include custom optical markers 
automatically positioned in the patient’s physical space. However, as the 
positions of these markers affect the registration result, finding opti
mized marker placement positions that are universally applicable and 
safe for patients is a secondary aim of this study. 

In this paper, we analyse the relationship between body-surface 

displacement and lung-tissue displacement. First, we propose a 
method to model and track respiratory lung-tissue movement using 
optical body-surface markers. This method starts with designing an 
initial pulmonary CT data collection plan. The initial collection plan 
investigates CT images taken from two phases of the respiratory cycle 
(the end of inspiration and the small inspiration phase). These data are 
used to generate the first set of displacement values of lung-tissue and 
body surface, which are used for unsupervised learning approaches 
(clustering). The clustering results are then used to generate optimized 
optical marker placement positions and optimize the data collection 
plan. The optimized collection plan is used to collect new CT imaging 
data taken from three phases of the respiratory cycle (the end of expi
ration, the small inspiration phase, and the end of inspiration). A new set 
of displacement values is generated from this data, which is used for 
regression (i.e., training the model). Finally, a neural network is 
designed and trained to predict lung-tissue displacement utilizing 
several multi-phase pulmonary CT images. Moreover, three traditional 
machine-learning approaches are also tested for comparisons. 

2. Methods 

In this work, we used indirect measurements to predict lung-tissue 
displacement from different phases of pulmonary CT images with opti
cal markers. To reduce prediction error, we employed: (1) a large CT 
imaging dataset, (2) a systematic method based on unsupervised 
learning, and (3) a deep neural network. 

Fig. 1 shows a schematic representation of our proposed method, 
which follows these steps: 

(1) Lung data 1 and surface data 1 of two respiration phases are 
collected based on the initial data collection plan. 

(2) Lung data 1 and surface data 1 are used to generate Lung-tissue 
displacement 1 and surface displacement 1 respectively after data 
processing. 

Fig. 1. The workflow of the proposed displacement prediction method. First, the initial collection plan is used to acquire the initial clustering results. The initial 
clustering results contribute to the optimization of the initial data collection plan, resulting in an optimized data collection plan. 
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(3) The lung and surface data are sorted into different classes by an 
unsupervised learning approach (clustering), according to the intensity 
of movement obtained from the registration. Based on the clustering 
results, optimized optical marker placement positions are determined. 

(4) The clustering results contribute to optimizing the data collection 
plan, which is used to collect new data (lung data 2 and surface data 2) 
from three respiration phases. 

(5) New displacements (lung-tissue displacement 2 and surface 
displacement 2) are obtained. 

(6) A neural network is designed and trained for displacement pre
diction. The training inputs are lung-tissue displacement 2 and surface 
displacement 2, while the prediction input is surface displacement 2. 

2.1. Initial data collection plan 

The initial data collection plan aims to determine the movement 
intensities of the lung and body surface, thereby determining the marker 
placement and optimizing the data collection plan. Pulmonary CT im
ages from two respiration phases were used to calculate the displace
ments. Initially, these phases were at the end of the inspiration and the 
small inspiration phase, respectively. These phases were chosen for two 
reasons: (1) it is easier for patients to hold their breath at the end of 
inspiration, and (2) larger displacement is obtained with these phases, as 
shown in Fig. 2. 

2.2. Data processing 

Data processing included lung segmentation, 3D lung reconstruction, 
down-sampling of lung data and reconstruction, and down-sampling of 
surface data. The data processing was performed before computing the 
lung and surface displacements. 

2.2.1. Lung data processing 
Lung segmentation. We applied lung segmentation to remove noise 

(i.e., other body tissues) from initial lung CT images. The segmentation 
procedure consisted of four steps, shown in Fig. 3: (1) preprocessing of 
CT image, (2) initial lung segmentation, (3) trachea removal, and (4) 

division of left and right lungs. 
First, CT image preprocessing denoted noise reduction and image 

binarization using a curvature flow filter and adaptive thresholding. 
Then, initial lung segmentation was achieved with a threshold seg
mentation algorithm combined with morphological algorithms. Next, 
the trachea was removed using the region-growing method to obtain a 
trachea mask. Finally, the projection-integration method and the 
morphological algorithm divided the left and right lungs. 

3D lung reconstruction. After the lung segmentation, the 
marching-cubes algorithm was used to reconstruct the lung 3D images 
(Fig. 4b-c) from initial pulmonary CT images (Fig. 4a). 

Calculation of displacement 1 (lung registration). Multi- 
resolution B-spline transformation was applied to align two lung CT 
images using 3D reconstruction of lung contours as regions of interest, 
adaptive stochastic gradient descent as an optimizer, and linear and B- 
spline interpolation as interpolation algorithms. Furthermore, the 
Gaussian pyramid was used to smooth and down-sample the images in 
multi-resolution transformation. After registration, the displacement 
field of the lung was extracted. (Fig. 4d). 

Down-sampling. The displacement field of the whole lung is in high 
resolution with millions of vectors, which take too much computing 
resource in the following processes. Therefore, we randomly sampled 
50,000 vectors for the lung, as shown in Fig. 4e. 

2.2.2. Surface data processing 
Initial CT images were reconstructed to obtain the 3D surface image 

by selecting the edge pixels (Fig. 5a). The processing of Surface data 1 
shares some steps with that of Lung data 1: 3D reconstruction (Fig. 5a), 
registration (Fig. 5b), and Surface displacements 1 represented by vec
tors (Fig. 5c). After these steps, the surface image after down-sampling 
of 10,000 vectors is obtained (Fig. 5d). 

2.3. Clustering and marker placement 

The lung is not displaced uniformly and displacement of the whole 
lung cannot be predicted directly. Therefore, pulmonary CT images were 
divided into areas using clustering. Each data point in the CT image 
contains values of both the magnitude and direction of displacement. 
Grouping data points with similar values together allows the displace
ment of each area to be predicted. 

A small cluster number may result in each resulting area containing a 
large range of displacement values and therefore cause a significant 
prediction error. Conversely, a large cluster number is expected to bring 
inaccuracy because of excessive differences of lungs from different 
volunteers, resulting in different clustering results in the lungs from 
different volunteers. This blocks further investigations to find the shared 
trend of lung movements among volunteers. Lung-tissue displacement 
was thus clustered by the fuzzy c-means algorithm with the number of 
cluster centers set to three for the left lung or right lung, dividing the left 
or right lung into three parts according to the magnitude of displace
ment (green, blue, red in Fig. 6ab). 

Similarly, the fuzzy c-means clustering algorithm was used on the 
surface-displacement data to determine the placement of the optical 
markers, with the number of clustering centers set to six, dividing the 
body-surface displacement into six parts, as shown in Fig. 7a. As the ribs 
constrain the respiration process, areas where the body surface connects 
to a rib show a small displacement, as shown in Fig. 7a (red). Other areas 
of the body surface had more substantial displacement and were orga
nized into five classes, with displacement increasing gradually from the 
chest to the belly. The surface near the belly formed two classes, rep
resented by light blue and yellow in Fig. 7a. Their displacements were 
almost the same magnitude but differed significantly in direction. 

Within the clustering results, the center of each class (the clustering 
center) was expected to be an ideal point to place an optical marker to 
track the respiration motion, as the displacement of the clustering center 
is usually the average value of this class and is the ideal representation 

Fig. 2. Definitions of the inspiration phases. We define inspiration to be the 
small inspiration phase and large inspiration phase. The inspiration starts from 
the end of expiration where the first CT is acquired. When the volunteer or 
patient relaxes and does not use the muscle to inspirate or respirate, we claim 
that the lung is at a “balanced state” which is the division of the small inspi
ration phase and large inspiration phase. The second CT is acquired at the large 
inspiration phase. We chose the end of expiration and large inspiration phase to 
collect two CT images because it is easy for the volunteers to hold the breath or 
control the muscle related to breath. This provides stability and reliability when 
collecting the CT images. 
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and feature (input) of regression algorithms. Nevertheless, not all 
possible positions were suitable. For example, some clustering centers 
were easy to compute but challenging for humans to distinguish them. 
The marker placement positions should be distinguishable, stable, and 
universal, ensuring that data collected from the body surface is reliable. 
Considering both anatomic knowledge (Fig. 9a) and the clustering re
sults, the final marker placement positions were determined, indicated 
by yellow stars in Fig. 7b. Four markers were placed on the body surface: 
one in the center of the chest, one in the xiphoid, and the remaining two 
markers at points equally spaced between the xiphoid and belly button. 
These marker positions showed little variation for most patients. 

2.4. Optimization of the data collection plan 

After analyzing the clustering results with initial data, the optimized 
data collection plan was confirmed. First, pulmonary CT images were 
collected from three phases of respiration (the end of inspiration, the 
small inspiration phase, and the end of expiration), and two lung-tissue 
displacements were obtained. At the same time, the markers were used 
to compute the surface data. Comparisons of the initial and optimized 

data collection plans are presented in Table 1. 

2.5. New displacements calculation 

The processing of lung data 2 was similar to that of lung data 1. With 
the CT image data from three respiration phases (end of inspiration, 
small inspiration phase, and end of expiration), two lung-tissue dis
placements were computed (end of inspiration-small inspiration phase, 
end of inspiration-end of expiration) as shown in Fig. 8a and b and the 
displacement vectors shown in Fig. 8c and d. 

Considering the registration result of end of inspiration (green)-end 
of expiration (red) as an example (Fig. 8e), we noticed that the vessels 
almost overlapped after registration. This means the registration can 
simulate the respiration process of humans with less error, assuming the 
motion of lung tissue is linear. In reality, the simulated trajectory of lung 
tissue is slightly different from the real trajectory of lung tissue in the 
respiration process, but we tolerate these differences in lung tissue tra
jectories because the motion of lung tissue is near linear. These regis
tration results ground the following lung-tissue displacement prediction. 

Considering the clustering result of lung-tissue displacement 2 

Fig. 3. The mechanism of lung segmentation.  

Fig. 4. Lung data processing with the initial data collection plan. (a) Initial pulmonary CT images. (b) Lung 3D image after lung segmentation and reconstruction. (c) 
Overlapping of two lung 3D images from two phases of respiration, the end of inspiration and the small inspiration phase. (d) Lung-tissue displacements 1 represented 
by vectors. (e) Lung 3D image after down-sampling. 

Fig. 5. Results of surface data processing with the initial data collection plan. (a) 3D reconstruction of CT images of small inspiration phase. (b) Overlapping of two 
surface images from two phases of respiration (the end of inspiration and small inspiration phase). (c) Surface displacements 1 represented by vectors. (d) Surface 
image after down-sampling. 
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(Fig. 6a) and anatomic knowledge of the lung (Fig. 9a), we can see that 
the left or right lung is divided into three parts near averagely. There
fore, we averagely divided the lung-tissue displacement into six parts 
(Fig. 9b) with a few tolerated biases. The average displacement of each 
part was qualified for prediction purposes. 

The displacement of Surface data 2 was measured from the changed 
values of the markers instead of computing via the registration algo
rithm. Two surface displacements (end of inspiration and small inspi
ration phase; end of inspiration and end of expiration) were computed, 
as shown in Fig. 10. 

2.6. Design and fine-tuning of neural network 

The configuration of layers and nodes is likely to consider the 
empirical findings in literature or rely on intuitions from experience [21]. 
These are suitable starting points for finding better solutions to 
configure layers and nodes. However, they still require robust test har
nesses and controlled experiments that include some basic strategies: 

(1) Random test: tests random configurations for the number of layers 
and nodes in each layer. 

(2) Grid test: a systematic search for the number of layers and nodes 
in each layer. 

(3) Heuristic test: a structured search for the number of layers and the 
number of nodes in each layer according to specified search algorithms 
(e.g., genetic algorithm) [22]. 

(4) Exhaustive test: all combinations of the number of layers and the 
number of nodes in each layer are tested; this strategy is feasible for a 

simple network or dataset. 
In this work, we selected the grid test to find the optimal number of 

layers and nodes. Moreover, we also considered other six hyper- 
parameters that affect the network convergence—batch size, learning 
rate, training epochs, optimizer, loss function, and activation function. 
Hence, we need to tune eight parameters and hyper-parameters for 
better convergence of neural networks. 

In our neural network, the data x is propagated forward to obtain the 
predicted value 

ypred = fw(x)

where fw(•) denotes neural networks, such as multi-layer perceptron 
networks. Before prediction, the weight of a neural network should be 
updated until the convergence by minimizing the loss function, e.g., 
mean square error 

LossMSE =
∑

i
(pi − qi)

2 

where p denotes probability distributions of output (observed real 
value). q represents probability distributions of expectation (p, q ∈ (0,
1)). i represents the index of training data in a batch. In training, the data 
should be divided into training data and validation data. 

Dividing the data for training and validation purposes has a signifi
cant impact on the final network convergence. Currently, the k-fold 
cross-validation method better solves the problem caused by the data 
division. The loss value for training is shown below 

Fig. 6. Clustering results based on Lung-tissue displacements 1 from two viewpoints: (a) front to back and (b) back to front. (c) presents different lung clustering 
results with 3, 4, 5, and 6 cluster centers respectively. With the increase of clustering centers, more confusing clustering results are acquired. This is expected to block 
further investigations to find the shared trend of lung movements among volunteers. 
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Lossk CV =
1
k
∑k

i=1
LOSSMSEi 

where i denotes the index of fold in the k-fold cross-validation. 
Hence, k weights are updated by 

wnew
i = wi − η •

∂LosskCV

∂wi
, i ∈ 1, 2, ..k 

where η denotes the learning rate and i denotes the index of fold in 
the k-fold cross-validation. 

To compare with traditional machine learning approaches, we also 
tested the linear regression method and two SVR methods in our dataset. 
Displacement prediction based on the linear method (least-square 
regression) is achieved by fitting the parameters c1 and c1 where 

ylinear = c1 • x+ c2 

Displacement prediction based on SVR was achieved by minimizing 

min
w,b

1
2
wTw+C

∑N

i=1
max(0,

⃒
⃒yi −

(
wTϕ(xi) + b

) ⃒
⃒ − ε)

where w and b are the weight vector and bias of the SVR. N is the 
number of training data (training instance). i denotes the index of 
training instance. C denotes the penalty to a training instance when this 
training instance is misclassified or within the margin boundary. SVR 
adopts the epsilon-insensitive loss where errors of less than ε are 
ignored. 

3. Results and discussion 

3.1. Data collection and visualization 

The validation experiment of the lung-tissue displacement prediction 

Fig. 7. (a) Clustering result based on Surface displacement 1, which divided the surface into six parts. (b) The final marker placement positions. (c) Different surface 
clustering results with 3, 4, and 5 clustering centers respectively. It is easy to see that there is little difference in the clustering results with 4 and 5 clustering centers. 
The only difference is at the bottom of clustering result near the belly where one class is divided into two classes, because the surface in these two classes slightly 
moves towards different directions. There is little difference in the movement magnitude between these two classes according to human experience. 

Table 1 
Comparisons of initial and optimized data collection plans.  

Items of the data collection Initial data 
collection plan 

Optimized data 
collection plan 

Number of images to collect 2 CT images 3 CT images 
Points of respiration cycle where 

data is collected 
End of inspiration 
Large inspiration 
phase 

End of inspiration 
Small inspiration phase 
End of expiration 

Data type 3D CT 3D CT 
Were surface markers used? No Yes 
Surface data 2 CT images 4 marker values  

Fig. 8. Results after processing lung data 2 (3 phases). (a) Overlapping lung contours at the end of inspiration (green) and small inspiration phases (blue). (b) 
Overlapping lung contours at the end of inspiration (green) and end of expiration (red). (c) Lung-tissue displacements 2 at the end of the inspiration-small inspiration 
phase. (d) Lung-tissue displacements 2 at the end of inspiration-end of expiration. (e) Overlapping of vessels by the registration at the end of inspiration (green)-end 
of expiration (red). 
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model was based on multi-phase pulmonary CT imaging data from 199 
patient volunteers with 105 males and 94 females (Fig. 11a), across all 
ages (Fig. 11b). 

After processing lung data 2, the displacements of six lung areas were 
obtained. The distributions of each area are presented in Fig. 11c. The 
lower lung area (left and right) near the inferior belly has the largest 
displacements, then the middle lung areas near the upper belly. The 
upper lung areas near the chest have the smallest displacements as the 
ribs constrain their movement. We also present the relationship between 
marker displacement and left lower lung area (Fig. 11d) to validate the 
efficacy of the following neural network models in non-linear lung-tissue 
displacement prediction. 

3.2. The fine-tuning of neural networks 

The design and fine-tuning of neural networks are based on eight 
parameters and hyper-parameters: number of layers, number of hidden 
units, batch size, learning rate, training epochs, optimizer, loss function, 
and activation function. The fine-tuning range of each parameter is 
shown in Table 2. 

Detailed fine-tuning results are shown in Fig. 12, with the best- 
performing values of each parameter highlighted. The networks with 
fewer layers (2 and 3) outperform those with more layers (4 and 5) 
because a complex network with simple input may result in under- 
fitting. Moreover, the results of 4 and 5 layers have higher deviations 
than that of 2 and 3 layers. The results of the 2 and 3 layers show little 
difference, and we selected three layers for training. A network with 16 
hidden units performed best of all choices. Batch size has less impact on 
the training, and a batch of 50 slightly outperforms the rest of the op
tions. Optimum learning rate is essential in network convergence, and 
learning rate 1e-4 performs best. A training epoch of 1,000 performs the 
best because of its smaller loss variance. The adam optimizer out
performs the others, but its advantage over SGD and RMSprop is 

relatively small. Loss functions MSE and MAE perform similarly in 
convergence, with the performance of MAE being slightly better. The 
activation function has a significant impact on network convergence. 
ReLU and LeakyReLU perform nearly the same as each other, but ReLU 
slightly outperforms LeakyReLU in convergence. 

3.3. The lung-tissue displacement prediction and comparisons 

We applied 5-fold cross-validation in the training process. After fine- 
tuning, the network with optimal parameters and hyper-parameters was 
obtained. The weight of the neural network was also saved for prediction 
(regression) purposes. 

R-Squared, the coefficient of determination [23], is a statistical 
measure in a regression model that determines the proportion of vari
ance in the dependent variable that the independent variable can 
explain. In other words, R-squared shows how well the data fit the 
regression model. 

The formula for calculating R-squared is: 

R2 =
SSregression

SStotal 

where SSregression is the sum of squares due to regression and SStotal is 
the total sum of squares. 

We compared our proposed deep neural network with three tradi
tional machine learning approaches, including the linear algorithm 
[11], SVR with linear core [16], and SVR with radial basis function 
(RBF) core [16]. As shown in Table 3, our proposed neural network 
outperforms these three machine learning approaches, where k denotes 
the kth cross-validation. 

With respect to the time complexity, the time complexity of our 
neural network is computed by O (nt*(ij+jk)) where t is the number of 
epochs. n is the number of training instances or training samples. i, j and 
k are the numbers of hidden units in the first layer, second layer, and 
third layer respectively. Given the fine-tuning results in Table 2, the time 
complexity of our neural network is O (50*n*(16*16 + 16*16)). The 
time complexity of SVR is O (nd) for linear kernel and O (n2d) for RBF 
kernel where n is the number of training samples, and d is the dimension 
of training samples. The dimension of samples is 2 in this paper, 
therefore the time complexity of SVR is O (2n) for linear kernel or 
O (2n2) for RBF kernel. The complexity of least-square regression is 
O (d2(n + d)) where n is the number of training samples, and d is the 
dimension of samples. Therefore, the time complexity of least-square 
regression is O (4(n + 2)). 

In the experiment, the training of our neural network takes 2 min to 
converge in Intel core i7. The training of our neural network is fast. 
Hence, in the time complexity, the advantage of least-square regression 
and SVR with linear kernel over our neural network can be ignored. 

Fig. 9. (a) Anatomic representation of the lung and (b) fast method for lung division.  

Fig. 10. Results after processing surface data 2 (three phases) with data ob
tained by value changes of surface markers. (a) Overlapping surface contours at 
the end of inspiration (red) and small inspiration phase (green). (b) Over
lapping surface contours at the end of inspiration (red) and end of expira
tion (blue). 
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4. Discussion and conclusion 

The weakness of this paper is that collected data currently exhibits 
more linearity which brings bias to the experiments, given the result of 
data visualization in Fig. 11d. Moreover, it is easy to see that more 
collected data is distributed at the bottom-left, and less data is distrib
uted at the upper-right. This means less CT images are collected at the 
end of expiration. This results in the marginal advantage of neural 
network over classical methods in the prediction. With more data 
collected, we believe that data will exhibit more nonlinearity because 
human respiration curve is nonlinear. The neural network is good at 
handling the prediction in nonlinear cases. The prediction accuracy of 
the neural network still has the space to improve. Other ways to improve 
the prediction accuracy may consider the time-sequential property of 
respiration process. Time-related features should be added to the fea
tures of training data (the displacements of lung tissue and body surface) 

to indicate which respiration phase the training data is collected, 
therefore improving the feature quality. Sometimes, the same surface 
displacement does not correspond to the same lung-tissue displacement 
if the displacements are computed using the CT images collected from 
different respiration phases. This results from the nonlinearity of the 
respiration. Future works will focus on collecting more data with higher 
displacements to further improve the prediction accuracy of neural 
networks. More prediction algorithms like the long-short term memory 
(LSTM) [24] and Bayesian estimation [25] may be examined if the time- 
sequential property of the respiration is considered. 

Percutaneous puncture is essential for the interventional diagnosis 
and treatment of lung tumors. The success of this operation is dependent 
on accurate needle placement. However, respiratory movements may 
reduce its accuracy and efficiency. To improve the success of lung 
percutaneous puncture, it is essential to investigate how lung tissues 
move during respiration. 

This paper systematically developed a deep learning model for lung- 
tissue displacement prediction using multi-phase pulmonary CT Images. 
First, lung and surface CT data from two phases of respiration are pro
cessed to investigate lung and body-surface movements. The data in this 
stage provides a new, optimized data collection plan. Second, new lung 
and surface CT data are collected from three phases of respiration (the 
end of expiration, the small inspiration phase, and the end of inspira
tion) and then processed. The data in this stage provides a training 
dataset for a deep neural network model to predict lung-tissue 
displacement. Third, several network training experiments are per
formed to determine the optimal parameters and hyper-parameters. The 
weights of the network with optimal parameters and hyper-parameters 
are saved for prediction purposes. The validation experiment (the 

Fig. 11. Data distribution in our pulmonary CT imaging dataset. (a) The number of patients classified by gender. (b) The number of patients classified by age. (c) 
Displacement distribution of the six lung areas. (d) Relationship between lung-tissue displacement (the inferior lung block) and marker displacement. 

Table 2 
The fine-tuning parameters, hyper-parameters, and their optional values in the 
experiments, with the final selected value in Bold.  

Parameters and hyper-parameters Considered values 

Number of layers 2, 3, 4, 5 
Number of hidden units 8, 16, 32, 64 
Batch size 25, 50, 100, 200 
Learning rate 1e-2, 1e-3, 1e-4, 1e-5 
Training epoch 100, 250, 500, 1000 
Optimizer SGD, RMSprop, adagrad, adam 
Loss function hinge, MSE, MAE, MAPE 
Activation function sigmoid, tanh, ReLU, leakyReLU  
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displacement prediction of the left lower lung) demonstrates that the 
accuracy of our designed network outperforms that of three traditional 
machine learning approaches including the linear model, linear support 
vector regression model, and support vector regression model with 
radial basis function. In conclusion, the clustering results make a set of 
our designed methods reliable. Our neural network method can predict 
lung-tissue displacement based on body-surface displacement during 
respiration, potentially improving the success of lung puncture 
procedures. 
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