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Abstract
Purpose Accurate and real-time prediction of the lung and
lung tumor deformation during respiration are important con-
siderations when performing a peripheral biopsy procedure.
However, most existing work focused on offline whole lung
simulation using 4D image data, which is not applicable in
real-time image-guided biopsywith limited image resources.
In this paper, we propose a patient-specific biomechanical
model based on the boundary element method (BEM) com-
puted from CT images to estimate the respiration motion of
local target lesion region, vessel tree and lung surface for the
real-time biopsy guidance.
Methods This approach applies pre-computation of various
BEM parameters to facilitate the requirement for real-time
lung motion simulation. The resulting boundary condition
at end inspiratory phase is obtained using a nonparamet-
ric discrete registration with convex optimization, and the
simulation of the internal tissue is achieved by applying a
tetrahedron-based interpolation method depend on expert-
determined feature points on the vessel tree model. A
reference needle is tracked to update the simulated lung
motion during biopsy guidance.
Results We evaluate the model by applying it for res-
piratory motion estimations of ten patients. The average
symmetric surface distance (ASSD) and the mean target reg-
istration error (TRE) are employed to evaluate the proposed
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model. Results reveal that it is possible to predict the lung
motion with ASSD of 1.9 ± 0.8mm and a mean TRE of
2.5±2.1mmat largest over the entire respiratory cycle. In the
CT-/electromagnetic-guided biopsy experiment, the whole
process was assisted by our BEM model and final puncture
errors in two studies were 3.1 and 2.0mm, respectively.
Conclusion The experiment results reveal that both the
accuracy of simulation and real-time performance meet the
demands of clinical biopsy guidance.

Keywords Biopsy · Biomechanical model · Lung motion
prediction · Boundary element method

Introduction

Lung cancer leads cancer-related mortality in the world and
kills over 150,000 people each year in the USA alone [1].
Early and accurate diagnosis is the key for the optimal treat-
ment of lung cancer patients. Lung biopsy removes a small
piece of lung tissue that can be studied histologically to detect
the presence of disease. While respiratory motion introduces
uncertainties in the location of target tissue, accurate and
real-time tracking position of lung tumors and probes during
respiratory motion is a serious challenge of clinical biopsy
guidance.

The three common types of lung biopsy employ open,
bronchoscopic or percutaneous approaches. Open biopsy is
a minimally invasive procedure where the surgeon opens the
suspected area to extract the biopsy sample. This approach
is usually performed when the other methods of lung biopsy
have been unsuccessful. Bronchoscopic biopsy uses a bron-
choscope inserted through the mouth or nose and into the
airway to collect a lung tissue sample.However, current bron-
choscopes cannot access the majority of the peripheral lung,
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due to their large diameter in relation to that of the bronchi [1].
Magnetic tracking (MT)-enabled navigation can be a useful
adjunct to computed tomography (CT)-guided bronchoscopy
biopsy of lung tumors [2]. With the overlap between the CT
scan anatomy and the magnetic field, the positions of mag-
netic sensors embedded in the probe can be recorded in real
time. TheAmericanCollege of Chest Physicians (ACCP) has
recommended (electro)magnetic navigation bronchoscopy
for patients who have a peripheral lung nodule [3].

Percutaneous biopsy is recognized as the standard of care
for lung biopsy, where the pleura is punctured to reach the
target tissue. This approach, however, relies heavily on the
experience of the operator. Percutaneous biopsy also requires
CT images to identify features such as blood vessel, to estab-
lish guidance plan. Technology such as ultrasound-guided
or CT-guided approaches has been applied to assist percu-
taneous biopsy. Ultrasound-guided biopsy does not require
the use of radiation, is readily available and is real time, but
due to its application to the lung is limited unless the lung
is collapsed. Therefore, CT-guided transthoracic approaches
have been widely used to guide peripheral biopsy and ther-
mal ablation of lung tumors [4]. However, CT-guided biopsy
requires a series of CT scans to ensure that the probe prop-
erly approaches the target region, which introduces excessive
radiation exposure for patient. Most research in this area has
focused on automating the procedure [5,6]. Another limita-
tion is that the patient is asked to suspend breathing during
the biopsy process [7]. The biopsy system proposed in [8]
can be applied to a patient respiration pattern by acquire sev-
eral CT images acquired at different breathing phases, from
which a relationship between breathing phase and skin sur-
face motion can be determined. In addition, this approach
also causes extra patient radiation exposure.

The methods that compensate for respiratory motion in
precision radiotherapy can be existed in two categories: direct
and indirect compensation. For the direct methods, X-ray
imaging technology is applied to locate the target tumor. The
patient must endure extra radiation dose during tumor track-
ing to obtain accurate results [9]. Indirect methods employ
statistical analysis of the markers’ position or tidal volume
to determine the relationship between tumor motion and the
external surrogate indicators of respiration. Yan et al. [10]
placed externalmarkers on patient’s chestwall and developed
a linear regression model to build the relevant relationship
between tumor motion and external marker position. Low
et al. [11] developed a mathematical model of motion to
present the correlation between target motion and tidal vol-
ume for every volunteer and achieved an average error of
0.75±0.25mm. However, 15 CT scans were required in
every experiment, resulting in a radiation dose level that is
excessive for biopsy procedures. The simulation result of
indirect compensation is not promised because the phase dif-
ference between internal tumor and external displacement of

the chest and abdomen detected from body surface is not
guaranteed to be equal during whole respiration [12].

Most of these navigation technologies of precision biopsy
and radiotherapy are based on 3D CT reconstruction, just as
percutaneous biopsy requires reconstructing CT images to
mark the target and design puncture route. However, respi-
ratory motion introduces uncertainties in the location, size
and location of the tumor [13]. Furthermore, lung motion
is complex and patient-specific. To resolve this problem, a
number of studies have employed four-dimensional 4DCT
[14–16]. With deformable image registration (DIR), 4DCT
provides the possibility of depicting the change of target
tumor position and shape at different respiratory phases, with
various motion estimation methods having been proposed
[15,16]. These techniques can be divided into geometric,
image-based or biomechanical-based methods. For geomet-
ric approaches, feature landmarks are defined by surfaces,
curves, lines and points in each image. Then computing a
deformation vector field using such as minimize the differ-
ence between landmarks, to achieve a deformation vector
field. For intensity-based methods, the deformation field is
generated by minimizing or maximizing the correlation met-
rics in voxel- or patch-wise intensity patterns of images.
Ehrhardt et al. [17] estimated the optical flow between the
images at neighboring temporal patterns and generated a
velocityfield for different respiratory cycle basedon anonlin-
ear registration. However, because 4DCT is a discontinuous
imaging method, difficulties arise when attempting to accu-
rately describe whole lung motion and its inevitable risks
to both patient and technician due to the excessive radiation
for the dynamic CT sequence acquisition. Additional com-
parison and evaluation of different registration approaches
can be found in [18] and [19], and most of these methods
achieve satisfactory results. However, neither geometric nor
intensity-based methods take biological and physical char-
acteristics into account [20].

On the other hand, biomechanically based methods aim to
build a respiration motion model with those characteristics
to simulate the deformation of lung tissue during breath-
ing at different phases. Almost all biomechanically based
methods are based on finite element methods (FEMs) that a
require boundary conditions, accurate patient-specific organ
meshes and patient-specific biological parameters, such as
Young’s modulus and Poisson’s ratio, to track a target region.
As distinct from intensity-based methods, FEM approaches
rely on an energy function that can represent lung motion
more realistically, instead of a similaritymetric. For instance,
Sundaram and Gee [21] entreated the FEM as a classic
elastic matching technique to perform non-rigid registra-
tion, while another strategy is a force-driven approach. For
instance, Fuerst et al. [22] described lung deformation driven
by pre-defined surrounding thoracic negative forces. Due to
the difficulties encountered to accurately describe biological
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properties, both of these approaches assume that the lung
tissue is homogeneous.

In reality, most human organs are heterogeneous and
subject-specific. Werner et al. [23] analyzed the relation-
ship between lung motion and various elasticity parameters
assigned to the lung tissue, revealing that the difference in
assigned elasticity has little influence on the displacement
field. On the other hand, Al-Mayah et al. [24] focused on
the influence of the coefficient of friction and Poisson’s ratio
on respiration simulation that the error decreases with the
increasing Poisson’s ratio. As a result, the heterogeneity of
the lung directly affects the accuracy of lung motion estima-
tion, but it is impossible to achieve the particular biological
properties of every individual patient in clinic. In order to
present these properties, Li et al. [25] introduced a patient-
specific andposition-specific lungmotionbasedonFEM, and
correct the FEM mesh’s elasticity distribution by invoking
the quasi-Newton method. Using this approach, the inho-
mogeneous material property distribution will be achieved
automatically. However, the FEM simulation is time con-
suming, even with GPU acceleration, taking around 500s
[25], which does not satisfy the requirements of clinical CT-
guided biopsy.

In this paper, we focus on biomechanical-based lung
dynamic motion modeling methods applied to CT-guided
percutaneous biopsy. Our goal is to build a patient-specific
biomechanical model that is suited to clinical biopsy. There-
fore, we propose a patient-specific biomechanical model
to describe lung respiratory motion based on the bound-
ary element method (BEM). The boundary condition of
BEM is achieved by a nonparametric discrete registration
with convex optimization [26]. To achieve the goal of real-
time simulation, we apply pre-computation to restore the
coefficient in a matrix before surgery, which we believe to
be the first BEM lung motion model for real-time clini-
cal application. Since BEM models can only represent the
motion of lung’s surface during respiration, we also present
a tetrahedron-based interpolation method to predict the res-
piratory motion of the internal lung tissue.

Methods

Method overview

A flow diagram of our BEM lung model scheme is shown in
Fig. 1, which includes four main steps: (1) segmentation and
reconstruction, (2) boundary condition acquisition, (3) BEM
computation and parameter iteration and (4) tetrahedron-
based interpolation. Our model comprises the surface of the
lung and the vessel tree. Specially, the landmark points on
the vascular tree are determined by experts. The lung surface
motion computed by registration are used as the boundary

conditions. Finally, a BEM motion model which can esti-
mate both surface motion and internal motion is presented
based on the tetrahedron-based interpolation method and the
pre-compute algorithm.

Segmentation and reconstruction

To begin, we enhance the edges of the ROI in CT using an
intensity gradient detection algorithm, and then, a conven-
tional 3D region growing method is used to extract the ROI.
The extraneous tissue, such as ribs and the heart, is removed
during this process, and the ROI is converted into a binary
image. The gaps produced by vessels and bronchi are filled by
dilating themwith a 4–10-mm-diameter spherical structuring
element (SE) [27]. Finally, these binary images and the orig-
inal patient CTs are combined to generate new images that
include biological information about the lung. The lung sur-
face mesh model is reconstructed from the binary image by
the conventional fast matching method. The vessel represen-
tation only needs to retain the branch points within the vessel
tree. We using MIMICS (Version 10.01) to segment vessel
tree by setting a global threshold vary from [418 1902]. For
different data sets, this value need a slight adjustment based
on histogram analysis.

Boundary condition acquisition

Any position on the lung surface model will shift during the
respiratory cycle. However, this motion is limited by bio-
logical forces such as surface or internal tension. In this
subsection, we determine the restriction condition of lung
surface motion via the multiresolution registration frame-
work [26]. This surface motion of the lung is used as the
boundary of our BEM model. To simplify the registration
process, the registration computation is only restricted in the
lung region (ROI). The motion of the lung surface, calcu-
lated from the displacement field of voxels, is employed as
the boundary condition.

Let image pairs IEI (x) and IEE (x) be the EI image and EE
image, respectively. The goal of this registration is to find the
deformation vector d for each voxel xi to minimize the cost
function F(d) formulated by patch-based similarity metrics
[28].

F (d) =
∑

xi∈�

[IEI (xi ) − IEE (xi + d)]2 + α |∇d|2 , (1)

where � represents an image patch for similarity term. Here
|∇d| is the gradient of the displacement vector. α is coef-
ficient controlling the weights of the intensity term and the
diffusive regularization term, and is implicitly defined in the
Gaussian kernel. The search space of deformations is based
on three resolution levels and the global deformation field
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Fig. 1 Framework of the BEM
lung motion estimation
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is smoothed through Gaussian convolution with the kernel
in the first two resolution levels in order to improve the
robustness of the registration procedure. Therefore, the final
deformation field follows Eq. 1 without the regularization
term and Gaussian smoothness, which is different from the
registration method described in [26].

The BEM respiratory motion surface model and
parameter iteration

In this section, the patient-specific lung deformation estima-
tion is an elasticity distribution problem. We aim to find the
Young’s modulus E and the coefficient of Poisson’s ration to
best marching the boundary condition from the registration.
Here, we assume a uniform negative pressure is exerted on
the lung surface and the interaction between the lung and
other organs is ignored.

Elasticity theory demands six fundamental equations and
boundary conditions, as shown in following equations,

σi j, j + fi = 0 (2)

εi j = 1

2

(
ui, j + u j,i

)
(3)

εi j = 1 + ν

E
σi j − ν

E
σkkσi j (4)

σi j = 2Gεi j + λεkkσi j (5)

pi = σi j n j = p̄i (6)

ui = ūi , (7)

where εi j is the strain tensor,σi j the stress tensor,E isYoung’s
modulus, υ the Poisson’s ratio, G is the shearing modulus of
elasticity, λ is the Lamé ratio, f the volume force, while ui
and pi are the unknown displacement and surface forces. ūi
and p̄i are the known displacement and surface forces.

We define the Kelvin fundamental solution of ui as
u∗ (P, Q) and the Kelvin fundamental solution of pi as
p∗ (P, Q). As for point P and Q on the lung surface, the
Kelvin fundamental solution has the form as described in
[29]:

u∗
lk (P, Q) = 1

16π (1 − υ)Gr

[
(3 − 4υ) δi j + r,lr,k

]
(8)

p∗
lk (P, Q) = − 1

8π (1 − υ) r2

{
∂r

∂n

[
(1 − 2υ) δlk + 3r,lr,k

]

− (1 − 2υ)
(
r,lr,k − r,kr,l

)}
(9)
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In the above equations, i, j, k=1, 2, 3 which denote the three
direction in the coordinate systems. r represents the distance
between P andQ, n is the normal of surface and δ is the Dirac
delta function.

Based on Green’s formulation, the discrete description of
boundary integral equation at node pi is represented by Eq.
(10)

Cui +
N∑

j=1

∫

� j

p∗ d� u j =
N∑

j=1

∫

� j

u∗ d� p j (i = 1, 2, . . . N ) ,

(10)

whereC, p∗, u∗ are 3×3matrices. ui , u j , p j are 3×1 vectors.
� is the surface boundary and is divided into N sub-elements
� j , and C represents the smoothness at Pj is defined as: [30]

C =
⎛

⎝
1
2 0 0
0 1

2 0
0 0 1

2

⎞

⎠ (11)

Let Hi j = Cδi j + ∫
� j

p∗d�, Ki j = ∫
� j

u∗d�. Equation
(10) is rearranged as:

n∑

j=1

Hi ju j =
n∑

j=1

Ki j pi j , (12)

More intuitively, Eq. (12) is rewritten as:

HU = K P (13)

For n nodes, the H and K is a 3n × 3n matrix, with U and
P representing the displacement and external force. After
rearrangement, we obtain:

HU = K P ⇒ U = H−1K P = AP ⇒ P = A−1U (14)

The displacement of each node is computed using Eq.
(14), where the matrix A is pre-computed.

The strategy to find patient-specific and position-specific
matrix Ân to match boundary condition is an optimization
process and can be obtained using Eq. (15).

Ân = arg min
A∈�

{
(A) = 1

2
UB (A) −U 2

R

}
(15)

HereUB represents the displacements generated by the BEM
and UR represents the boundary condition which is interpo-
lated by the displacement of lung surface points.

Firstly, we update Young’s modulus Ewith the coefficient
of Poisson’s ratio remaining unchanged. We take a Taylor
series of the differential of the function (15) at Ek and obtain
a new equation:

[UB,]T (UB −UR) + [UB,]T
[
U ′
B

]
�Ek = 0 (16)

Since the external forceP is independent ofYoung’smodulus
E, we take the partial derivative to Eq. (14),

∂P

∂E
= ∂A−1

∂E
U + A−1 ∂U

∂E
⇒ ∂A−1

∂E
UB + A−1 ∂UB

∂E
= 0

(17)

Therefore, the corresponding E can be updated iteratively by
Eqs. (16) and (17).

Similarly, we update the coefficient of Poisson’s ratio
while keeping Young’s modulus E unchanged. Each opti-
mal solution is iteratively computed until it approaches an
ideal value of �UB < 0.4mm, for each surface point of the
BEM model.

Tetrahedron-based interpolation method

Even though the BEM model can efficiently simulate the
surfacemotion, tumors are not always located on the lung sur-
face. In this section, tetrahedron-based interpolation method
is employed to predict the internal tissue’s motion during
entire breathing cycle.

Expert-determined landmark points (Fig. 2) and all ver-
texes of the lung surface model are used to generate a
volumetric model with tetrahedron elements by TetGen [31].
The position of the unknown point (u p) and the tetrahe-
dron that contained u p are shown in Fig. 3. The deformation
information of u p is generated based on the geometrical rela-
tionship between locations of four vertexes (a, b, c, d) andu p .

⇀au p = m⇀au′
p = m

(
⇀ac + ⇀ncc′

)
= m

(
⇀ac + n

(
⇀cb + k⇀bd

))

= m⇀ac + mn⇀cb + mnk⇀bd, (18)

wherem = D(a,u p)

D
(
a,u′

p

) , n = D
(
c,u′

p

)

D(c,c′)) and k = D(b,c′))
D(b,d)

are scale

factors determined by the Euclidean distance D between two
points. u′

p is the projection position of u p on the boundary
face S�bcd.We represent the vector by the individual position
x = [x1, x2, x3]T of each vertex, and Eq. 18 is rewritten as:

xu p − xa = m (xc − xa) + mn (xb − xc) + mnk (xd − xb) ,

(19)

xu p= (1 − m) xa + mn (1 − k) xb + m (1 − n) xc+mnkxd ,

(20)

Therefore, the displacement Uup of u p is generated by the
tetrahedron-based interpolation as:

Uup = (1−m)Ua+mn (1−k)Ub + m (1 − n)Uc+mnkUd ,

(21)
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Fig. 2 Vessel of EI phase and expert-determined landmark points
(green spheres)

Fig. 3 Location of an unknown point (red disk), expert-determined
landmarks (green disks) and the tetrahedron element used to the
tetrahedron-based interpolation

where Ua , Ub, Uc and Ud are spatial displacements of ver-
texes of the tetrahedron element, respectively. Notice that
those spatial displacements can be provided by the BEM
motion model and the motions of expert-determined land-
marks due to all vertexes of tetrahedron elements in the
volumetricmodel are constructed by expert-determined land-
marks and the BEM lung surface vertexes.

Experimental results

Patient data preparation

In our framework, ten CT data sets were used to evaluate
our BEM lung model. Cases 1 and 2 have a slice thickness
of 1.25mm, image dimension of 512 × 512 × 265, while
cases 3 and 4 have slice thicknesses of 5mm, resulting in a
512 × 512 × 67 voxel matrix. All of these data sets were
acquired from Fuzhou General Hospital and generated by a
SIEMENS SOMATOM spirit dual-slice CT. The remaining
data were acquired from the Léon Bérard Cancer Center &
CREATIS laboratory [32], and possess the characteristic as
detailed in Table 1. Cases 1–7 only recorded images in EE
and EI phases and identified reference points in two breath
phases. In the reference data, cases 8–10, 10 breath phases
were acquired to evaluate the accuracy model of our model
during breathing. Full details of the image data are shown in
Table 1.

All the patients’ lung surfacemodels and vessel trees were
segmented and constructed using the scheme we presented
previously, and one of the ten lung surface models and its
vessel tree are presented Fig. 4. In cases 1–4, landmarks
are determined from the bifurcation points of vessels by the
expert. In the remainder of the cases, the landmark points
were identified using the software proposed byMurphy et al.
[33].

The BEMmodels were computed in C++ on a desktop PC
with a quad-core 2.0GHz processor and 10GBRAM. Table 2
illustrates the number of landmark points that were used for
the tetrahedron-based interpolation, characteristics of BEM
and computation time for left lung (LL) and right lung (RL)
of each case, where the case meshed with a fewer nodes and
triangles maintains a fast computation and a higher update
rate. The parameters of the registration for all cases and the
clinical experiment are: the standard deviation of Gaussian
kernel σ = 0.6 and the radius of patch-based similarity met-
rics r = 2.

Prediction of surface and internal motion based on
landmarks for each case

In this section, the prediction error between the BEM mesh
model and the segmented model from data sets acquired in
the end inspiration state is investigated as shown in Fig. 5.

We employ the mean error and the standard deviation of
the TRE and the ASSD [34] to assess the result of BEM esti-
mation with the tetrahedron-based interpolation as shown
in Table 3. The TRE is computed from the Euclidean dis-
tances between the landmark’s estimated position and its
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Table 1 Characteristics of data
sets for each case

Case Number of
breath phases

Tidal volume
(ml)

Image dimensions image resolution (mm)

1 2 655.5 512 × 512 × 265 0.912 × 0.912 × 1.25

2 2 589.4 512 × 512 × 265 0.936 × 0.936 × 1.25

3 2 586.9 512 × 512 × 67 0.912 × 0.912 × 5

4 2 558.2 512 × 512 × 67 0.912 × 0.912 × 5

5 2 392.9 512 × 512 × 140 1.1719 × 1.1719 × 2

6 2 444.3 512 × 512 × 187 0.7813 × 0.7813 × 2

7 2 182.2 512 × 512 × 161 1.1719 × 1.1719 × 2

8 10 644.2 512 × 512 × 169 0.9766 × 0.9766 × 2

9 10 217.0 512 × 512 × 141 0.9766 × 0.9766 × 2

10 10 396.9 512 × 512 × 170 0.8789 × 0.8789 × 2

Fig. 4 Lung model and vessel tree of case 1 between EE phase (blue)
and EI phase (red). a Overlay of lung surface model, b vessel tree

position at the target phase. Note that the target phase in
Table 3 is the maximal inhalation while in Fig. 6 the tar-
get phase is determined by the tidal volume. The TRE of
the results using 10 landmarks to construct the volumet-
ric model, the minimum Jacobian value ((Jmin) and the
maximum Jacobian value ((Jmax) for the vector-valued trans-
formation h (x) = [h1 (x) , h2 (x) , h3 (x)]T of a location
x = (x1, x2, x3)T are listed in Table 4. The determinant of
the Jacobians of the deformation field is defined as:

J (h (x)) =

∣∣∣∣∣∣∣

∂h1(x)
∂x1

∂h2(x)
∂x1

∂h3(x)
∂x1

∂h1(x)
∂x2

∂h2(x)
∂x2

∂h3(x)
∂x2

∂h1(x)
∂x3

∂h2(x)
∂x3

∂h3(x)
∂x3

∣∣∣∣∣∣∣

=

∣∣∣∣∣∣∣

1 + ∂u1(x)
∂x1

∂u2(x)
∂x1

∂u3(x)
∂x1

∂u1(x)
∂x2

1 + ∂u2(x)
∂x2

∂u3(x)
∂x2

∂u1(x)
∂x3

∂u2(x)
∂x3

1 + ∂u3(x)
∂x3

∣∣∣∣∣∣∣
, (22)

Table 2 Details of the BEM model for each case

Case Number of landmarks Node (triangles) Computation time Update rate (fps)

Total Tetrahedron-
based
interpolation

Lung
segmentation

Registration Pre-computed
BEM model

1 RL 45 5/10 5423 (10842) 167s 30 min 301s 21

2 RL 47 5/10 4467 (8930) 159s 28 min 212s 33

3 RL 45 5/10 4588 (9172) 40s 13 min 248s 31

4 RL 40 5/10 4632 (9260) 42s 12 min 274s 30

5 RL 51 5/10 4443 (8882) 85s 15 min 232s 34

6 RL 65 5/10 4888 (9810) 98s 20 min 289s 28

7 RL 65 5/10 5056 (10118) 91s 15 min 357s 25

8 RL 56 5/10 4621 (9251) 92s 20 min 300s 30

LL 44 5/10 4267 (8836) 279s 33

9 RL 40 5/10 4547 (9195) 84s 13 min 287s 32

LL 60 5/10 4196 (8590) 273s 34

10 RL 62 5/10 48,127 (95,121) 95s 18 min 2604s 13

LL 38 5/10 45,601 (92,158) 2511s 13
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Displacement(mm)
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Fig. 5 Estimation result of the BEM and interpolation. a Lung surface model result, b vessel tree result, c visualization of displacement (mm)

Table 3 Mean error (standard
deviation) of surface and
landmark points (mm)

Case Mean
displacement

ASSD of the
registration

ASSD of
the BEM

TRE (Num:10) TRE (Num:5)

1 RL 14.6 1.9 (1.8) 1.8 (1.7) 2.1 (1.9) 2.5 (3.0)

2 RL 13.1 1.7 (1.9) 1.6 (1.8) 2.0 (1.8) 2.3 (2.4)

3 RL 13.1 1.9 (1.8) 1.8 (2.0) 2.5 (2.1) 3.2 (3.1)

4 RL 12.5 1.8 (2.0) 1.7 (1.9) 2.1 (1.9) 2.8 (2.7)

5 RL 10.9 1.6 (1.1) 1.5 (1.0) 1.8 (1.4) 2.2 (2.2)

6 RL 9.4 1.5 (1.5) 1.4 (1.3) 1.6 (1.4) 1.8 (2.1)

7 RL 4.1 1.2 (1.1) 1.0 (0.9) 1.2 (1.3) 1.3 (1.6)

8 RL 14.9 1.7 (1.0) 1.8 (1.0) 2.2 (1.7) 2.7 (1.9)

LL 15.7 1.9 (1.0) 1.9 (0.8) 2.5 (1.8) 3.1 (2.4)

9 RL 6.5 1.3 (0.8) 1.2 (0.8) 1.1 (0.9) 1.6 (1.4)

LL 6.9 1.6 (1.4) 1.3 (1.2) 1.3 (1.2) 1.7 (1.6)

10 RL 9.1 1.6 (1.1) 1.3 (1.0) 1.6 (1.4) 2.0 (1.7)

LL 9.9 1.7 (1.2) 1.4 (1.1) 1.8 (1.6) 2.6 (2.0)

where h1 (x) is the x component of h (x) in left–right direc-
tion, h2 (x) is the y component of h (x) in anterior–posterior
direction and h3 (x) is the z component of h (x) in superior–
inferior direction. x1, x2 and x3 are the three components of a
location x, respectively. u (x) = [u1 (x) , u2 (x) , u3 (x)]T is
the corresponding displacement performs the foliation image
to the target image.

As our motion model is reconstructed from two breath
phases, we used the data sets of CREATIS to validate the
performance of our model during the respiratory process and
the TRE of the analysis of the nine respiratory phrases of
cases 8–10 is summarized in Fig. 6.

Biopsy clinical experiment

Two clinical biopsy experiments were performed to further
validate our method in a CT-/MT-guided biopsy application.
The clinical biopsy environment includes: a CT scanner, a
magnetic tracking system, navigation software and probe
with sensor as shown in Fig. 7. An Aurora magnetic track-
ing (Northern Digital Inc.) device, employing a flat tabletop
magnetic field generator, and with the accuracy of 0.48mm
RMS, was used to track the position of the puncture nee-
dle. The lung CT data sets at two phases were generated by
a SIEMENS SOMATOM Spirit dual-slice CT with a slice
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Fig. 6 TRE of each tidal
volume of case 8–10. a TRE of
case 8, b TRE of case9 and c
TRE of case10
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Table 4 Mean TRE (standard
deviation) of the result using 10
landmark points to construct the
volumetric model. The
minimum Jacobian value (Jmin)

and the maximum Jacobian
value (Jmax) for each
deformation field are also listed

Case The mean TRE (standard deviation) (mm) The Jacobian value

3D-Euclidean Craniocaudal Anteroposterior Left–right Jmin Jmax

1 RL 2.1 (1.9) 1.4 (1.4) 0.6 (0.5) 1.1 (1.1) 0.79 2.47

2 RL 2.0 (1.8) 1.4 (1.3) 0.5 (0.5) 1.0 (1.2) 0.78 2.24

3 RL 2.5 (2.1) 1.7 (1.5) 1.3 (1.1) 0.9 (0.8) 0.83 2.16

4 RL 2.1 (1.9) 1.4 (1.2) 0.7 (0.6) 1.1 (1.0) 0.81 2.12

5 RL 1.8 (1.4) 1.0 (1.4) 0.7 (0.9) 0.9 (1.3) 0.85 2.02

6 RL 1.6 (1.4) 1.0 (1.0) 0.6 (0.4) 0.7 (1.2) 0.87 1.99

7 RL 1.2 (1.3) 1.0 (1.2) 0.4 (0.7) 0.3 (0.5) 0.93 1.67

8 RL 2.2 (1.7) 1.5 (1.6) 0.6 (0.5) 1.1 (1.0) 0.85 2.08

LL 2.5 (1.8) 1.6 (1.6) 1.3 (1.1) 0.9 (0.7) 0.87 2.23

9 RL 1.1 (0.9) 0.8 (0.9) 0.5 (0.5) 0.6 (0.7) 0.74 1.76

LL 1.3 (1.2) 0.8 (1.0) 0.6 (0.4) 0.7 (0.9) 0.82 1.63

10 RL 1.6 (1.4) 1.0 (1.1) 0.7 (0.4) 0.6 (1.1) 0.85 1.87

LL 1.8 (1.6) 1.2 (1.3) 0.5 (0.4) 0.5 (0.8) 0.86 1.83

Fig. 7 Biopsy environment

thickness of 3.0mm and image dimension of 512×512×48.
The clinical experiment has the approval of the institutional
ethics committee (certificate number FZY20160605N016).

The lung motion model was generated based on Step (1)–
(4) as shown in Fig. 1. During the biopsy procedure, those
patient-specific biological parameters are directly loaded
from memory during the respiration simulation. Since the
motion of the lung surface can be simulated without recom-
putation, we only need to calculate the tetrahedron-based
interpolation method with preoperative selection of vessel
bifurcations to correct the motion of blood vessels and sus-
picious lung tissue regions.

Eight fiducial markers fixed to the patient’s skin are
detected by the operator and used for surface registration. The
first CT scan was taken after a reference needle has pierced

the lung, based onpreoperativeCT images and the experience
of a thoracic surgeon. Since we have simulated the breathing
motion of the lung surface in whole breathing cycle before
the operation, the respiratory phase at the time of the first CT
scan can be determined based on the lung surface profile in
the first CT scan. Then the position of the reference needle in
ourBEMmodel can be computed at the corresponding phase,
and this positionwill bemodified based on the actual position
of the reference needle in CT images. Therefore, the preci-
sion of motion detection near the reference needle will be
improved. The movement of the reference needle during the
biopsy is achieved by themagnetic tracker and is employed to
synchronize ourBEMmodelwith the actual patient breathing
cycle. Since the reference needle has been pierced close to
the target region, we assume that the hysteresis of the target
region can be presented by the reference needle. In addi-
tion, the variations of the breathing amplitude and breathing
rate are also presented by the motion of reference needle.
Theoretically, the closer the reference needle is to the target
position, greater the precision of the navigation system.With
the assistance of the magnetic tracker and the prediction of
the lungmotionmodel, the probemay be accurately guided to
the target. The target position of biopsy is determined by the
thoracic surgeon as shown in Fig. 8. A second CT is acquired
to validate the final puncture result. The model-based pre-
diction error (TRE) for the respiratory motion in two clinical
experiments are 3.1mm (tumor volume: 12.62cm3, tumor
motion: 15.3mm) as shown in Fig. 8 and 2.0mm (tumor vol-
ume: 8.76cm3, tumor motion: 11.4mm), respectively. These
results demonstrate that the described framework is appro-
priate to fulfill the requirements of real-time image-guided
biopsy.
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Fig. 8 Result of the biopsy clinical experiment

Discussion

In order to realize a real-time lung motion simulation for
clinical lung needle biopsy, we presented a BEM model to
simulate the motion of surface of the lung and employed
the tetrahedron-based interpolation to estimate the motion of
internal tissue. As shown in Table 3, the ASSD and the TRE
ranged from 1.0 (0.9) to 1.9 (0.8) mm and 1.1 (0.9) mm to
2.5 (2.1) mm, respectively. For each case, the TRE using 10
landmarks to construct the volumetric model is 2.5 (2.1) mm
at largest, while 3.2 (3.1) mm for 5 landmarks. The main
parameters of the registration are: the standard deviation of
Gaussian kernel σ and the radius of patch-based similarity
metrics r. Although the registration results are influenced by
parameter variation in [26], the results of BEM simulation
in this study are not sensitive to these parameters for three
reasons. Firstly, the deformation of the lung surface can be
easily achieved by registration because the lung region has
been extracted before the registration process. Secondly, the
smoothness parameter affects only on the first two registra-
tion levels and the final deformation field is generated by
minimizing the dissimilarity between image pairs. Finally,
the registration only provides the boundary condition for the
BEM model. We have tuned the parameters of the regis-
tration to examine the influence of the parameters for each
case. In case 1, the ASSD of the registration ranged from 1.9
(1.8) to 2.0 (1.9) mm and that produced by the BEM esti-
mation method ranged from 1.8 (1.7) to 1.9 (1.8) mm for
0.3 ≤ σ ≤ 1.0. The best and worst values of r are 2 and
0, which results in 1.8 (1.7) and 1.8 (1.8)mm for the BEM
simulation, respectively. In other cases, the best results are
achieved when σ ≈ 0.6 and r = 2. As shown in Table 3, the
standard deviation of the ASSD of the presented BEMmodel
is always smaller than that produced by the registration due
to the motion constraint caused by the biomechanical model.

The tetrahedron-based interpolation is employed to pre-
dict the respiratory motion of the internal lung tissue.

Suppose that there have two unknown points located on the
different side of the boundary face of the tetrahedron element
and they are closed to each other, we can derive that projec-
tion positions of these two unknown points on the boundary
face are nearly overlap, further demonstrating that scale fac-
tors (m,n and k) inEq. 21 are approximately equal. Therefore,
displacements of these two unknown points are both deter-
mined based on motions of three vertexes of the boundary
face such that the tetrahedron-based interpolation method
can ensure a continuous deformation magnitude distribution
close to the boundary face of the tetrahedron element. Thus,
a continuous lung surface and lung vessel model is generated
as shown in Fig. 5. The clinical experimental results reveal
that the BEM motion model adequately predicts the shift of
the internal tissue.

In order to achieve the lung respiration simulation and
predication of the target position in real time, patient-specific
biological parameters are stored in a matrix in advance. The
motion of the lung surface points is driven by the negative
elastic force toward the target position. In each time step, the
target positions are calculated from the pre-computedmatrix.
The coordinates of the EM tracker have been registered
with the physical coordinate of fiducial markers attached
on patient’s skin. Therefore, the movement of the reference
needle during the biopsy can be measured by the magnetic
tracker, and this information can be employed to determine
the respiratory phases in real time. This approach demon-
strates that our BEM model can operate in real time to
improve surgical outcome as well as to reduce patient radia-
tion dose.

Fortmeier et al. [35] proposed an approach for real-time
prediction of patient’s individual respiratory motion based
on 4D CT data, which is not applicable in our biopsy study.
Restricted by the clinical availability, of CT, our method is
only based on EE and EI phase CT data pairs, to reduce
the patient radiation dose and cost. In addition, the breath-
ing motion model in [35] was applied to a needle puncture
training simulation framework, which ignores tissue motion
hysteresis, and assume that breathing motion is a robust
and fully reproducible. In contrast, in our method, the hys-
teresis near the target position and the breathing amplitude
were reflected by the tracked motion of the reference nee-
dle. Comparing our results to a biophysical FEM approach
for patient-specific modeling of breathing motion estimation
[25], we note that the TRE of the BEM-based approach is
comparable in internal tissue for similar tidal volumes, where
the TRE is 2.1 (1.9)mm for the tidal volume is 655ml when
the average landmark displacement is 14.6mm. The BEM
model with the tetrahedron-based interpolation in this paper
was presented with the aim of reducing the FEM simulation
complexity for whole lung respiratory motion. Since BEM
simulation only depends on the lung boundary, no computa-
tion resources are needed to update the whole volume. FEM
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simulation takes 10h for a volumetric mesh with 108,387
nodes [25], while in contrast, the total time for our BEM
simulation with 48,127 and 45,601 nodes is 1.4h, as shown
in Table 2. In addition, our approach performs in real time
with the pre-computation strategy.

As distinct from the methods presented in [18,19], the
goal of this study is to design an applicable, convenient and
real-time method for routine clinical biopsy without requir-
ing the patient to hold his breath. In order to improve the
simulation efficiency, the respiratory motion modeling we
present here places its focus on the lung surface, the posi-
tion of the reference needle and the ROI (target suspicious
tissue and blood vessels) rather than other normal tissue
regions. Therefore, we only pre-compute the BEM of the
lung surface and some of landmark points on blood ves-
sels. To achieve the goal of reducing the preparation time,
our nonparametric discrete registration incorporating a con-
vex optimization approach achieved the best performance,
with an approximate accuracy on the boundary, compared
to 15 other state-of-the-art nonlinear registration methods
[18]. This approach was employed to extract the lung sur-
face motion, which is used as the boundary conditions of
BEM model, achieving a competitive experimental result
of TRE ≤ 2.5(2.1) mm as shown in Table 3, enabling a
clinically acceptable update rate of 13 fpswithoutGPUaccel-
eration.

Conclusions

In this study, a novel framework for patient-specific and
position-specific respiratory motion simulation was pro-
posed for image-guided lung biopsy, using a BEM model.
Specifically, biomechanical parameters including Young’s
modulus and Poisson’s ratio are incorporated within a pre-
computed mixing coefficient. Due to the limitations of
the BEM when applied to lung motion, we compensated
the motion prediction with the tetrahedron-based interpo-
lation method to predict the internal tissue vector field. By
employing a pre-computed matrix of motion parameters, the
BEM-based simulation model is able to run in real time
allowing a target region (such as a tumor or pulmonary nod-
ule) to be tracked during image-guided intervention. The
result revealed that the errors of both surface and internal
structures are clinically acceptable.

Our future studywill address motion simulation of special
cases such as lung atrophy and pneumothorax. Moreover, in
order to reduce the radiation exposure to the patient using
multiphase CT Scans, we will explore the use of a statistical
model, building a database for the lung BEMmodels, where
a single patient CT scan is employed to achieve a similar
BEM model to simulate lung respiration deformation.
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