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ABSTRACT

In this study, we introduce statistical modeling methods for pneumothorax deformation using paired cone-beam
computed tomography (CT) images. We designed a deformable mesh registration framework for shape changes
involving non-linear deformation and rotation of the lungs. The registered meshes with local correspondences are
available for both surgical guidance in thoracoscopic surgery and building statistical deformation models with
inter-patient variations. In addition, a kernel-based deformation learning framework is proposed to reconstruct
intraoperative deflated states of the lung from the preoperative CT models. This paper reports the findings of
pneumothorax deformation and evaluation results of the kernel-based deformation framework.

Keywords: Pneumothorax deformation, Registration, Statistical modeling, Cone-beam CT, Thoracoscopic
Surgery

1. INTRODUCTION

Lungs are very soft organs, and their deformation can induce considerable volume change during surgery. The po-
sition of a nodule changes because of the pneumothorax state, which makes optimization of resection procedures
difficult.1 If the pneumothorax state could be accurately estimated, precise nodule resection and preservation of
pulmonary function could be facilitated by the strict management of resection margins. In the field of image-
based lung modeling using computed tomography (CT) images, respiratory motion has been the main focus of
investigation.2–4 However, there have been few studies on the modeling of the pneumothorax deformation that
occurs between the preoperative and intraoperative lung states. The mechanism is complex and not mathemat-
ically understood, except through image-based registration or modeling studies of animal lungs.5,6 As a clinical
study, lung deformation generated from the posture differences between preoperative and intraoperative states
was analyzed using cone-beam CT (CBCT) images.7 More recently, the deflated lung surfaces of patients with
pneumothorax were evaluated using hyperelastic finite-element models.8 In our previous study, we acquired a
pair of CBCT images in the inflated and deflated states during thoracoscopic surgery and obtained registration
results of the pneumothorax-associated deformation.9

In this study, we introduce statistical modeling methods for pneumothorax deformation using paired CBCT
images. We designed a deformable mesh registration (DMR) framework for shape changes involving non-linear
deformation and rotation. The registered meshes with local correspondences are directly available for surgical
guidance in thoracoscopic surgery as well as for building statistical deformation models with inter-patient vari-
ations. In addition, a kernel-based deformation learning framework is proposed to reconstruct intraoperative
deflated states of the lung from the preoperative CT models. This paper reports the findings of pneumothorax
deformation and evaluation results of the kernel-based deformation framework.
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2. METHODS

2.1 Paired CBCT images

Intraoperative CBCT images were acquired from twelve lung cancer patients at Kyoto University Hospital. All
participants provided informed consent before their enrollment and data collection. The analyses were approved
by the institutional review board of Kyoto University Hospital. Two CBCT image sets of the inflated and deflated
states were measured in the same lateral position by controlling the bronchial pressure during thoracoscopic
surgery. The images were measured with two surgical clips placed on the lung surface near the tumor as physical
landmarks. Each CBCT volume consists of 512 × 512 pixel image slices (voxel resolution: 0.49 mm ×0.49 mm
×0.49− 1.0 mm).

Figure 1 shows the CBCT slices after registering the two volumes using the spine as a fixed reference. A
large space caused by air flowing into the thoracic cavity in the deflated state is confirmed. Interestingly, the
volume of the lung in the field of view becomes less than a third of the inflated volume, and the posture greatly
influences the deformation. The CT values change because of differences in the air content of the lung, and the
parenchyma region becomes brighter in the deflated state. These image features are consistent with the features
in CT images measured from beagle dogs5 in our past study. Because conventional image-based registration
methods did not work correctly given the characteristics of these images (i.e., CT value shifts and topological
changes due to the thoracic cavity space), we applied deformable mesh registration (DMR) to partial lung meshes
created from paired CBCT images.

inflated state deflated state

(a) (b)

Figure 1. Paired CBCT images and histogram of CT values. (a) Inflated and (b) deflated states.

2.2 DMR for pneumothorax deformation

Three-dimensional labeling of lungs, bronchi, and tumors was performed from CBCT images using Synapse
VINCENT (Fujifilm Corporation, Japan), and tetrahedral meshes of lungs with 500 vertices were generated.
The bronchial structures were extracted from the inflated lungs because of the low image contrast in the images
of the deflated states. This means that only the lung’s surface and the placed surgical clips were available for
registering the inflated/deflated lungs. The number of vertices was determined to balance the need for accuracy
against the calculation time.

DMR was performed from the source mesh (inflated state) to the target shape (deflated state). To achieve
both globally stable and locally strict DMR, our framework addresses the trade-off problem between feature-
preserving shape matching and spatially smooth deformation.10 Because registration errors tend to increase in
cases of large deformation with rotation, we use the position of the two surgical clips as additional constraints.
The objective function is described as follows.

E(u) = Eshape + Eclip (1)

= d(SD, φ(SI)) + ω‖pD − pI‖2,

where SI is the source mesh (inflated state), SD is the target mesh (deflated state), and d is the mean distance,
which is mean value of the nearest bidirectional point-to-surface distance of the two meshes. Moreover, φ(X)
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Figure 2. Statistical modeling framework for pneumothorax deformation, showing inter- and intra-patient mapping be-
tween preoperative CT and paired CBCT images.

is a continuous and differentiable transformation that maps X to the deformed mesh, w is a weight, and pD

and pI are the positions of the two surgical clips placed on the lung surface in the inflated and deflated states,
respectively. The registered (deformed) mesh is obtained by minimizing the cost function in Eq. (1). The first
term evaluates the difference between the deformed source and the target mesh. It also enforces the preservation
of the discrete Laplacian, a shape descriptor that approximates the mean curvature normal of the mesh.6 In
addition to intra-patient registration of the CBCT images, our framework is designed to build a statistical model
for pneumothorax deformation, making inter-patient deformation analysis possible. However, the entire lung
cannot be measured because of the limited field of view in CBCT imaging. To address this issue, we introduce
the concept of statistical modeling into our approach by synthesizing partial CBCT models of patients (see Figure
2). In this framework, the local deformation or the spatial displacement map is captured from the paired CBCT
models. The registered CBCT models are mapped onto a unique coordinate system using the preoperative CT
image. This concept makes it possible to evaluate local shapes and deformations in the global coordinate while
normalizing the coordinates. In addition, a statistical model that represents the inter-patient variation of both
lung geometry and pneumothorax-associated deformation can be built by registering the preoperative CT models
between patients.

2.3 Localized kernel for deformation reconstruction

In this study, we aim to reconstruct pneumothorax deformation and to learn the mapping from the registered lung
meshes. For this purpose, we introduce the per-region-based deformation learning model using kernel functions.10

Per-patient-based learning is a straightforward approach in which the mesh model S obtained from one patient’s
data is used as one set of training data. This approach is based on the idea that the displacement in the local
regions of organs is similar to that of the corresponding regions of the training dataset with similar shape features.

Figure 3. Per-region-based deformation learning model
using kernel functions.

However, in the proposed per-region-based localized defor-
mation learning, a small region dS of mesh model S is used
as one set of training data. This approach is also based
on the physical characteristics of deformation in that two
local regions that are close to each other have a similar dis-
placement because the target surface is generally assumed
to be a smooth curved manifold (see Figure 3).

In the per-region-based deformation learning model,
we hypothesize that local displacement yi can be calcu-
lated from feature vectors xi, which are defined by the
relative position rij of the sampled vertex, using Eq. (2).
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yi =

N∑
j=1

αjk(xi,xj), xj ∈ X , αj ∈ RN , (2)

where k : X ×X → R is the kernel function defined for scalar component of the three-dimensional displacement
vector, N is the number of training datasets, and αj is the weight vector. A Gaussian function is used for kernel
function k, which is k(xi,xj) = exp(−β||xi − xj ||2/N). For a given y = [y1, . . . ,yN ]T , α = [α1, . . . ,αN ]T are
calculated by minimizing the cost function E(α), which is expressed as

E(α) = ‖y −Kα‖2 + λαTKα, (3)

where K ∈ RN×N is the kernel matrix, whose elements are defined by Kij = k(xi,xj), and λ is the regularization
parameter, which penalizes deviations of α. The optimized weights are given by α = (K + λI)−1y (I: identity
matrix). The feature vector xi of the local region for per-region-based learning is constructed using the relative
position rij of n sampled vertices as follows.

xi = {ri1, ri2, . . . , rin}, rij = vi − vj . (4)

In this scheme, the displacement is locally learned per vertex; in other words, it can be reconstructed from the
deformation of different regions. Therefore, using a per-region-based kernel formulation improves the estimation
performance and more stable results can be expected even for a small number of patient datasets.10

3. RESULTS

In the experiments, the registration performance of twelve CBCT datasets was confirmed by comparing the two
methods with and without surgical clips for the constraints. The pneumothorax deformation was analyzed using
the registered results, and preliminary results on the prediction performance of the kernel-based deformation
framework were obtained. We used 0.1 for the hyperparameter λ in Eq. (3) after an examination of several
parameters sets.

3.1 Registration accuracy

The mean distance (MD), Hausdorff distance (HD),5 and target registration error (TRE) of the two surgical clips
were used as the evaluation criteria. The HD measures the longest distance between two surfaces, whereas the
MD is the mean value of the nearest bidirectional point-to-surface distance.5 Table 1 presents the registration
performance. There are no significant differences in either distance metric, MD or HD (one-way analysis of
variance, ANOVA; p < 0.05 significance level). In contrast, both TRE1 and TRE2 have significantly smaller
errors of less than 5 mm when surgical clips are used.

Figure 4 (a) shows the registered results of the preoperative CT and intraoperative CBCT mesh models
acquired from inflated and deflated states of the lung, and Figure 4 (b) illustrates the spatial displacement
vectors obtained from corresponding vertices of the registered mesh models. Interestingly, it was found that
in addition to contraction, the lung surface deformation includes rotation. We believe that this was due to
gravitational force, and the TREs of the conventional DMR algorithm without landmarks significantly increased
because the algorithm could not cope with a non-linear deformation that includes rotation.

Table 1. Quantitative comparison of mean (minimum–maximum) registration errors. Mean distance (MD), Hausdorff
distance (HD) and target registration errors (TRE) are listed.

no clips with clips
MD [mm] 0.1 (0.1 - 0.2) 0.1 (0.1 - 0.2)
HD [mm] 1.8 (0.8 - 4.6) 1.5 (0.7 - 3.2)

TRE1 [mm] 20.4 (7.5 - 39.3) 3.9 (1.8 - 6.8)
TRE2 [mm] 21.4 (7.9 - 35.8) 4.0 (2.2 - 5.8)
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Figure 4. Deformable mesh registration results. (a) Inflated/deflated CBCT meshes registered in CT coordinates and (b)
spatial displacement vectors obtained from the corresponding vertices.
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Figure 5. Kernel-based deformation reconstruction from preoperative CT model. (a) Preoperative CT model (left) and
estimation result of the intraoperative pneumothorax state (right). (b) Comparison of the volume change ratio between
the paired CBCT model and predicted model.

3.2 Deformation reconstruction performance

The second experiment was conducted to investigate the prediction performance of the per-region-based learning
model. The left image in Figure 5 (a) shows the initial shape with the tumor and vascular structures generated
from the CT images, and the right image is the estimated result of the intraoperative deflated state. The proposed
kernel model could represent the non-linear pneumothorax-associated deformation with rotation. Subsurface
structures were visualized with a linear mapping, that is, the displacements for the lung nodule, bronchi, and
vascular structures were linearly interpolated from the deformed surfaces. To confirm the prediction performance,
we reconstructed the deflated state from the inflated state of the preoperative CT models. Figure 5 (b) shows
the volume changes in the three test cases along with the ones in the CBCT images. The preliminary results
showed that the average estimation error was 4.0% in volume change and 5.1 mm in the TRE of the surgical
clips. A limitation of the current experiments is that only 12 subjects provided the image data. However, despite
the amount of data, these results show that the proposed framework has potential for estimating pneumothorax
deformation from preoperative CT images, which will contribute to nodule localization during thoracoscopic
surgery.
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4. CONCLUSION

In this paper, we introduced data-driven modeling methods for pneumothorax deformation using paired CBCT
images. Inter- and intra-patient DMR of the CT and CBCT models enabled the statistical representation of
intraoperative pneumothorax states. The kernel-based learning framework was able to reconstruct intraoperative
deflated states with a clinically acceptable estimation error.
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[7] Alvarez, P., Chabanas, M., Rouzé, S., Castro, M., Payan, Y., and Dillenseger, J.-L., “Lung deformation
between preoperative ct and intraoperative cbct for thoracoscopic surgery: a case study,” SPIE Medical
Imaging , 10576 (2018).

[8] Anne-Cecile Jeanne, L., Ravi, R., Alda, L. T., Bastien, S. R., Kristy, K. B., David, C. R., and Guillaume,
C., “Preliminary evaluation of biomechanical modeling of lung deflation during minimally invasive surgery
using pneumothorax computed tomography scans,” Physics in Medicine and Biology (2020).

[9] Maekawa, H., Nakao, M., Mineura, K., Chen-Yoshikawa, T., and Matsuda, T., “Model-based registration for
pneumothorax deformation analysis using intraoperative cone-beam ct images,” 42nd Annual International
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC) , 5818–5821 (2020).

[10] Nakao, M., Nakamura, M., Mizowaki, T., and Matsuda, T., “Statistical deformation reconstruction using
multi-organ shape features for pancreatic cancer localization,” Medical Image Analysis 67, 101829 (2021).

Proc. of SPIE Vol. 11598  115980P-6
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 04 Aug 2021
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use

A Self-archived copy in
Kyoto University Research Information Repository

https://repository.kulib.kyoto-u.ac.jp




