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Abstract: Longitudinal image registration of pulmonary computed tomography (PCT) images may 
serve as an essential tool for investigating the relationship between radiation dose distribution and 
the occurrence and phenotype of radiation-induced lung disease (RILD). Although numerous 
longitudinal registration algorithms have been developed for PCT, most similarity-based 
approaches are not suitable for PCT involving RILD due to the complex tissue variation between 
two PCT images. Moreover, conventional feature-based approaches might fail to find a sufficient 
number of matched pairs of feature points due to the disparate lung deformation caused by 
breathing and RILD. To overcome the challenges resulting from RILD, component structure 
coherence point drift (CSCPD) was proposed to establish a deformation model by decomposing the 
chest into several components and matching them with individual parameters based on coherence 
point drift (CPD). Moreover, a regional vascular point matching (RVPM) algorithm was proposed 
to generate a vascular subtree and to substantially increase the number of corresponding pairs 
between two images. Eventually, the components were recomposed and aligned by a thin plate 
spline algorithm. A performance assessment on 15 pairs of PCT images of patients with RILD 
yielded recall and precision values of 0.85 and 0.89 for RVPM, respectively. Moreover, the target 
registration error of CSCPD with RVPM (2.3 ± 1.79) was significantly better than that of conventional 
CPD with RVPM (2.95 ± 1.89) and conventional CPD (5.04 ± 2.87). Therefore, the proposed 
registration system is robust to address the disparate deformation of lungs with RILD, and it 
improves registration accuracy within the parenchyma. 

Keywords: Component Structure Coherence Point Drift; parenchyma change induced by 
radiotherapy; computed tomography; feature point sampling; regional vascular point matching; 
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1. Introduction 
For several years, radiotherapy (RT) has played an essential role in the treatment of 

thoracic malignancies such as lung adenocarcinoma, esophageal cancer, breast neoplasm, 
thymic epithelial neoplasm, malignant pleural mesothelioma, and lymphoma [1]. RT 
serves as a treatment of curative intent or an adjuvant treatment before surgery. However, 
radiation-induced lung disease (RILD) due to thoracic RT for non–small-cell lung cancer 
(NSCLC) is a common complication that leads to radiation pneumonitis (RP) and 
radiation fibrosis (RF), which can be fatal [2]. Moreover, the RT response varies among 
patients, and radiosensitivity depends on the tumor site. Therefore, evaluation of the 
relationship between the radiation dose distribution and the occurrence and phenotype 
of RILD is challenging in clinical settings. If the association can be observed intuitively 
and established into a model for quantifying the extent of injury caused by RILD, then 
doctors would be better equipped to alter treatment and doses for patients with NSCLC. 
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To establish the relationship between the radiation dose distribution and the 
occurrence and phenotype of RILD, longitudinal image registration is essential for 
aligning two pulmonary computed tomography (PCT) images in both space and time, 
enabling their comparison. However, the longitudinal registration of images of patients 
with RILD is difficult because of the complex tissue variation between PCT images. In the 
early phase, unusual PCT findings related to radiation toxicity include ground glass 
opacity (GGO) and lung consolidation; other abnormal diseases such as traction 
bronchiectasis, honeycombing, and scarring and obliteration of the alveolar air spaces 
may occur in the late phase [3–5]. Moreover, the disparate deformation of the lung caused 
by breathing may be observed [6]. As shown in Figure 1, comparison of lung images 
before RT (Figure 1 [a–c]) and after RT with RILD (Figure 1 [d–f]) revealed obvious 
differences. Therefore, adequate longitudinal PCT image registration is challenging. 

 

 
Figure 1. Lung (a–c) before RT and (d–f) after RT with RILD. 
 

Generally, longitudinal image registration can be divided into two categories. The 
first category involves comparing two images and finding similarities. For example, 
optical flow involves adopting a gradient to establish the connection between source and 
target images [7], and it is usually applied to 4-dimensional computed tomography (4DCT) 
in lung imaging. In 2010, Song et al. [9] adopted diffeomorphism to establish 
transformation models and optimized registration results by using the image similarity 
metric and cross-correlation similarity metric, improving the assumption of intensity 
consistency between two lung images [10–12]. In 2015, Samavati et al. [22] proposed a 
hybrid deformable image registration algorithm consisting of a biomechanical model–
based algorithm and an intensity-based algorithm. This algorithm improved on those 
proposed in previous studies and only considered the physiological aspect of respiratory 
motion by integrating a validated intensity-based method that was proposed by Glocker 
et al. [23] to refine the displacement, increasing registration accuracy in the entire image 
domain. In 2019, Castillo et al. [24] proposed a gradient-free quadratic penalty DIR 
(QPDIR) method to minimize both an image dissimilarity term, which is separable with 
respect to individual voxel displacements, and a regularization term derived from the 
classical leave-one-out cross-validation statistical method for maximizing the similarity 
between two PCT images. However, the aforementioned intensity-based image 
registration algorithms may be more suitable for PCT images of lungs with deformation 
caused by respiratory motion, because the intensity variation of PCT images with RILD is 
local and imperceptible for the global evaluation of similarity. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 December 2022                   doi:10.20944/preprints202212.0356.v1

https://doi.org/10.20944/preprints202212.0356.v1


 

 

The second category of longitudinal image registration is feature-based image 
registration. This model consists of feature point description, matching, optimization, and 
deformation [25, 26]. This image registration algorithm specializes in feature extraction of 
not only image intensity but also anatomical information such as the shape, structure, and 
contour of an organ. Thus, they have better applicability in time-course studies. Therefore, 
feature-based image registration is more suitable for PCT images of patients with RILD to 
solve the problem of spatiotemporal deviation. 

In the field of lung image registration, the structures of the trachea and pulmonary 
vessels are the most important features. For instance, Gorbunova et al. [27] extracted the 
centerlines of the pulmonary vessel tree and lung surfaces as geometrical features in 
intensity-based image registration. Martin et al. [28] used 3D scale invariant feature 
transform [29] to detect corner points as local descriptors and shape context [30] as global 
descriptors for shape matching. Previous studies on this topic have been conducted [31, 
32]. The aforementioned methods have excellent performance in normal PCT images but 
may be inadequate for use in patients undergoing RT for NSCLC due to the substantial 
variation between images and damage of the structure of lung tissues. Therefore, an image 
registration algorithm that is flexible and robust to address the substantial image variation 
and disparate deformation of lungs is vital. 

In contrast to the point-to-point registration approach, the point set registration 
approach that was proposed by Scott and Longuet-Higgins directly associates points [33]. 
However, its performance is poor for nonrigid objects. Another popular method for point 
set registration is iterative closest point (ICP) [34]. This method iteratively calculates the 
least square results of every closest corresponding point between two point sets to 
minimize the distance between each pair. However, ICP is unsuitable for our study due 
to the potential for large deviations when using the Euclidean distance to identify 
corresponding sets in cases with complex variations caused by RT. In contrast to ICP, 
coherent point drift (CPD) is a probabilistic method that assumes no specific point 
correspondence other than the one derived from the Euclidean distances between points. 
The corresponding point set is fit to Gaussian mixture models (GMMs). The Gaussian 
centroids of these models are used as the initialized points of the second set [8, 35]. Once 
the two point sets are optimally matched, the correspondence is the maximum GMM 
posterior probability. Moreover, CPD has the advantage of flexibility because most 
existing general-purpose rigid and nonrigid point-based registration schemes can be 
formulated using the CPD framework [36]. Therefore, CPD is more robust in terms of 
nonlinear deformation and noise. Several time-course studies have adopted CPD to align 
deformed lung images with shape variation in the trachea and pulmonary vessels [37–40]. 
However, conventional CPD applied to the entire thoracic cavity for image registration 
may not produce satisfactory results due to its inability to align the disparate 
deformations caused by breathing and to achieve local optimization. Furthermore, 
Hansen et al. [38, 41] also described that for the estimation of large deformations, CPD can 
be further improved. Therefore, the development of a modified CPD model for estimating 
complex tissue variation and deformation is necessary. 

Generally, feature extraction of the lung parenchyma is challenging in the field of 
lung image registration because it shows up as a large dark region. Less corresponding 
pairs can be extracted from a dark region, thereby increasing the number of errors. 
Previous studies have used geometric information and the contrast between lung and 
surrounding tissues as feature descriptors [42]. In morphological methods, the trachea 
and bronchial tree were used as features of the structure of the lung parenchyma [43–45]. 
Moreover, gray-level thresholding and component analysis have been used to identify the 
boundaries and location of the lungs [46–50]. Our study was inspired by the 
aforementioned methods to address the challenge of image registration in patients with 
RILD. 

This paper is organized as follows. Section 2 describes the unique idea of the 
proposed image registration algorithm and the details of processes as well as the design 
of the experiments for demonstrating the algorithm. Section 3 provides a summary of the 
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experimental results, which demonstrated that the proposed image registration algorithm 
was able to align the clinical subjects and was an improvement relative to CPD. Finally, 
discussions and conclusions are drawn in Sections 4 and 5, respectively. 

2. Materials and Methods 
The proposed algorithm, namely the component structure CPD (CSCPD) algorithm, 

comprises segmentation, feature point extraction, and image registration. Its pipeline is 
displayed in Figure 2 and can be described as follows: 
1. Generation of the component structure: the bones and organs, such as the ribs, 

sternum, vertebrae, trachea, lung, and pulmonary vessels, are segmented into several 
components. 

2. Global prealignment: the roughly rigid registration of the vertebrae with slight 
deformations. 

3. Surface sampling: the contours of the segmented components are extracted as feature 
points by the growing neural gas (GNG) method. 

4. Component subtree generation and matching: In this study, the lungs have evident 
deformation and are affected by RILD. However, the feature points of the inner lung 
are insufficient. Therefore, we propose generating subtrees of the pulmonary vessels 
and matching their corresponding pairs using regional vascular point matching 
(RVPM). 

5. CSCPD registration: every component is based on individual characteristics to be 
aligned by CPD. 

6. Thin plate spline (TPS): a deformation model is established. 
 

 
Figure 2. CSCPD algorithm. 

 

2.1. Experiment Setup 
The dataset is adopted from National Taiwan University hospital (NTUH), and these 

patients with non-small cell lung cancer (NSCLC) underwent the thoracic RT. The study 
is with the approval of the NTUH institutional review board and informed consent being 
waived. The thoracic CT scans of the NTUH dataset were retrospectively selected from 
9845 NTUH patients with thoracic CT scans between April and November 2010. 

 

2.2. Resampling 
In this study, for the series of PCT images, linear interpolation was adopted to 

reconstruct 3D models with a voxel size of 1 × 1 × 1 mm. 
 

2.3. Generation of Component Structure 
2.3.1. Segmentation of Bones 

In contrast to the lungs, the bones in the chest, such as the ribs, sternum, and 
vertebrae, are affected by radiation and have consistency of the anatomical structure. 
Therefore, the bones are extracted by adaptive thresholding [13], as shown in the left of 
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Figure 3. Each rib attached to a vertebra as one connected component must be separated 
from the corresponding vertebra. Lee [14] proposed the rib growing method to determine 
the boundaries between the ribs and vertebrae and to segment the outward portion of the 
ribs from the seed region, as shown in Figure 3 (a). Moreover, the sternum, as a plate-like 
structure, is segmented by the method proposed by Frangi et al. in 1998 [15]. Eventually, 
the vertebrae are obtained when the ribs and sternum are segmented. The segmentation 
results of the sternum and vertebrae are shown in Figures 3 (b) and (c). These bone tissues 
belong to the group 1CP  of CPD. 

 

 
Figure 3. Segmentation of bones in chest. (a) Ribs, (b) sternum, and (c) vertebrae. 

 
2.3.2. Segmentation of the Trachea 

To extract the structure of the trachea, the region growing method was used to 
calculate the central line of the trachea. The potential structure of the trachea that is not 
exposed around the end points is searched by local disks. Each disk adopts first order 
derivatives to calculate the gradient direction of all pixels around the end points. The 
histogram of the gradient is subsequently computed, and the peak of the histogram is 
assigned as the dominant orientation of the disk, indicating that a more complete structure 
of the trachea has been obtained. The pipeline and the growing results are displayed in 
Figure 4. The trachea belongs to the group 2CP  of CPD. 

 

 
Figure 4. Segmentation of trachea. Region growing method was adopted to calculate 
initial structure of trachea, and potential structure was searched by local disks which used 
first order derivatives to calculate gradient direction around end points. 

 
2.3.3. Segmentation of the Lung 

In this study, the boundaries of the lung were divided into three major portions: the 
outer border (costal), the inner border (medial), and the bottom border (diaphragmatic). 
The outer and inner borders before the bottom border were calculated. 

To find the outer and inner borders of the lung, an adaptive rolling ball algorithm 
was proposed by adjusting the size of a rolling ball to fit the boundaries. First, the corner 
points (green points) between the inner and outer lung surface were determined. A large 
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rolling ball (orange circle) was adopted to find the inner border, and a small rolling ball 
was adopted to find the outer border, as shown in Figure 5 (a). The large rolling ball 
prevented oversegmentation and smoothed the border, which had a notch (marked by 
yellow arrow) caused by the segmentation of the trachea. The inner border was denoted 
by yellow and red lines, as shown in Figure 5 (b). 

 Eventually, the bottom border was composed by the lowest points of the lung. The 
results of the segmentation of the outer, inner, and bottom borders are shown in Figures 
5 (c), (d), and (e), respectively. They belong to the groups 3CP , 4CP , and 5CP  of CPD, 
respectively. 

 

 
(a)                                    (b) 

             
(c)                       (d)                         (e) 

Figure 5. Segmentation of the lung. (a) Adaptive rolling ball algorithm was used to find 
outer and inner borders of lung by adjusting size of rolling ball to fit boundaries. (b) Inner 
border was denoted by yellow and red lines. Segmentation results are comprised of (c) 
outer border, (d) inner border, and (e) bottom border. 

 
2.3.4. Segmentation of Pulmonary Vessels 

As shown in Section 2.3.1, the plate-like structure is segmented using the method 
proposed by Frangi et al. [15]. It can also be applied to tubular structures, such as the 
pulmonary vessels. nλ  indicates the eigenvalue of a Hessian matrix with the n-th 

smallest magnitude ( 1 2 3λ λ λ≤ ≤ ), and a pixel belonging to a vessel region is signaled 

as 3 2 1λ λ λ≅  . Then, the defined vesselness function is represented as follows: 
 

𝒱𝒱0(𝑠𝑠) = �
0 if 𝜆𝜆2  > 0 or 𝜆𝜆3  > 0   

�1 − exp �− ℛ𝐴𝐴
2

2𝛼𝛼2
�� exp �− ℛ𝐵𝐵

2

2𝛽𝛽2
� �1 − exp �− 𝒮𝒮2

2𝑐𝑐2
�� otherwise    (1) 

 
                      ℛ𝐴𝐴 = |𝜆𝜆2|

|𝜆𝜆3|
                                      (2) 

 
                        ℛ𝐵𝐵 = |𝜆𝜆1|

�|𝜆𝜆2𝜆𝜆3|
                                    (3) 

 
                                                  𝒮𝒮 = �∑ 𝜆𝜆𝑖𝑖21≤𝑖𝑖≤3                                   (4) 

3CP 4CP
5CP
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where 𝛼𝛼,𝛽𝛽, and 𝑐𝑐 are the thresholds that control the sensitivity of the line filter to the 
measures ℛ𝐴𝐴, ℛ𝐵𝐵, and 𝒮𝒮. Through the vesselness function, the pulmonary vessels are 
extracted, as shown in Figure 6. They may be divided into several subportions based on 
their characteristics, and they belong to the groups 6 ,..., NCP CP  of CPD. 

 

 
Figure 6. Segmentation of pulmonary vessels. 

 

2.4. Global Prealignment of Two PCT Images 
Because the vertebrae have slight deformation, rigid registration is suitable for global 

prealignment between two PCT images. The rigid transformation model can be 
decomposed into a linear transformation and a simple translation [16]. The rigid 
transformation function assumes that 𝑓𝑓:𝑉𝑉 → W,∀(𝑥𝑥,𝑦𝑦, 𝑧𝑧) ∈ V, (𝑥𝑥′,𝑦𝑦′, 𝑧𝑧′) ∈ W  and is 
mathematically expressed in the 3D formula as follows: 

 

�
𝑥𝑥′

𝑦𝑦′

𝑧𝑧′
� = �

1 0 0
0 cos(𝜃𝜃𝑥𝑥) − sin(𝜃𝜃𝑥𝑥)
0 sin(𝜃𝜃𝑥𝑥) cos(𝜃𝜃𝑥𝑥)

��
cos�𝜃𝜃𝑦𝑦� 0 − sin�𝜃𝜃𝑦𝑦�

0 1 0
sin�𝜃𝜃𝑦𝑦� 0 cos�𝜃𝜃𝑦𝑦�

� 

                                                                                         �
cos (𝜃𝜃𝑧𝑧) −sin(𝜃𝜃𝑧𝑧) 0
sin (𝜃𝜃𝑧𝑧) cos (𝜃𝜃𝑧𝑧) 0

0 0 1
��

𝑥𝑥
𝑦𝑦
𝑧𝑧
� + �

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑
�                                                                  (5) 

 
The measure of match (MOM) algorithm proposed by Matsopoulos et al. [17] is used as 
the cost function to find the best solution and is represented as follows: 
 
𝑀𝑀𝑀𝑀𝑀𝑀 = 1

𝑁𝑁
∑�(𝑥𝑥 − 𝑥𝑥 ′)2 + (𝑦𝑦 − 𝑦𝑦′)2 + (𝑧𝑧 − 𝑧𝑧′)2 ,∀(𝑥𝑥,𝑦𝑦, 𝑧𝑧) ∈ V, (𝑥𝑥 ′,𝑦𝑦′, 𝑧𝑧′) ∈ W          (6) 

 
It is the average Euclidean distance between two PCT images. The simulated annealing 
method is adopted to optimize the best solution for the MOM algorithm [18]. 

  

2.5. Surface Sampling 
After these components were segmented individually, the GNG method was 

adopted to extract a set of feature points for establishing the important topology of 
contours [19]. 𝐶𝐶𝐶𝐶𝑘𝑘𝑡𝑡 represents the k-th group of the component structure, and its feature 
point extraction can be calculated as follows: 

 
                       𝐺𝐺𝐺𝐺𝐺𝐺(𝐶𝐶𝐶𝐶𝑘𝑘𝑡𝑡), 1 ≤ 𝑘𝑘 ≤ 𝑁𝑁                             (7) 
 

where t is the ordinal number for capturing PCT. When k = 1, 𝐶𝐶𝐶𝐶1𝑡𝑡 comprises the ribs, 
sternum, and vertebrae; when k = 2, 𝐶𝐶𝐶𝐶2𝑡𝑡 is the trachea; when k = 3, 𝐶𝐶𝐶𝐶3𝑡𝑡 is costal; when k 
= 4, 𝐶𝐶𝐶𝐶4𝑡𝑡  is medial; when k = 5, 𝐶𝐶𝐶𝐶5𝑡𝑡  is diaphragmatic; when 6 ≤ 𝑘𝑘 ≤ 𝑁𝑁 , 𝐶𝐶𝐶𝐶6𝑡𝑡 ,⋯ ,𝐶𝐶𝐶𝐶𝑁𝑁𝑡𝑡  
comprises the pulmonary vessels. 

6 ,..., NCP CP
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2.6. Component Subtree Generation and Matching 
Conventional feature-based approaches can fail to find a sufficient number of feature 

points of the lung due to disparate deformation caused by breathing and RILD. To 
overcome this problem, the RVPM algorithm was proposed. The RVPM algorithm 
generates additional reliable feature points (named subtrees) from the branch points of 
pulmonary vessels and matches them using five conditions. Let 𝑢𝑢𝑖𝑖 be the branch points 
of the first PCT image 𝑇𝑇1, and 𝑈𝑈𝑖𝑖 = 𝑈𝑈(𝑢𝑢𝑖𝑖) represents the volume of interest (VOI) with 
the center at 𝑢𝑢𝑖𝑖 and radius = 25 voxels; 𝑣𝑣𝑚𝑚 is the branch point of the second PCT image 
𝑇𝑇2 , and 𝑉𝑉𝑚𝑚 = 𝑉𝑉(𝑣𝑣𝑚𝑚) represents the VOI with the center at 𝑣𝑣𝑚𝑚  and radius = 25 voxels. 
They are depicted in Figure 7. 

 

 
Figure 7. Corresponding pairs of branch points between PCT images 𝑇𝑇1  and 𝑇𝑇2  are 
evaluated by RVPM. 

 
After global prealignment, the registered 𝑇𝑇2  is expressed as 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑉𝑉𝑚𝑚) , and the 

function of 𝑢𝑢𝑖𝑖 and 𝑣𝑣𝑚𝑚 is represented as follows: 
 

MSOV(𝑢𝑢𝑖𝑖 , 𝑣𝑣𝑚𝑚) = �|𝑢𝑢 − 𝑢𝑢′|�∀𝑢𝑢 ∈ 𝑈𝑈𝑖𝑖 ,𝑢𝑢𝑖𝑖′ ∈ 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟�𝑉𝑉(𝑣𝑣𝑚𝑚)��.           (8) 
 

Then, the corresponding pairs are determined using the following conditions: 
1. The Euclidean distance between 𝑢𝑢𝑖𝑖  and 𝑢𝑢𝑖𝑖′  is related to the error of the rigid  
registration and is represented as follows: 

 
                CenterDist = |𝑢𝑢𝑖𝑖 − 𝑢𝑢𝑖𝑖′|.                                    (9) 

 
If the Euclidean distance is smaller, the branch points of 𝑢𝑢𝑖𝑖 and 𝑣𝑣𝑚𝑚 are more similar. 
2. If the standard deviation of MSOV(𝑢𝑢𝑖𝑖, 𝑣𝑣𝑚𝑚) is smaller, then the branch points of 𝑢𝑢𝑖𝑖 and 
𝑣𝑣𝑚𝑚 are more similar. 
3. The number of connected vessels at 𝑢𝑢𝑖𝑖 and 𝑣𝑣𝑚𝑚 is 𝑁𝑁𝑁𝑁(𝑢𝑢𝑖𝑖) and 𝑁𝑁𝑁𝑁(𝑣𝑣𝑚𝑚), respectively. 
If the difference between them, which can be expressed as ∆𝑁𝑁𝑁𝑁(𝑢𝑢𝑖𝑖 , 𝑣𝑣𝑚𝑚) =  |𝑁𝑁𝑁𝑁(𝑢𝑢𝑖𝑖) −
𝑁𝑁𝑁𝑁(𝑣𝑣𝑚𝑚)| is smaller, then the branch points of 𝑢𝑢𝑖𝑖 and 𝑣𝑣𝑚𝑚 are more similar. 
4. The robust 3D tree registration proposed by Loeckx et al. [20] is adopted to evaluate the 
correspondence between 𝑢𝑢𝑖𝑖 and 𝑣𝑣𝑚𝑚 and is represented as follows: 

 

                                     𝑃𝑃�𝐶𝐶𝑖𝑖,𝑚𝑚� = ∑ ∑ 1
�2𝜋𝜋𝜎𝜎2

exp�−
�Φ𝑖𝑖,𝑗𝑗

𝑇𝑇1−Φ𝑚𝑚,𝑛𝑛
𝑇𝑇2 �

2

𝜎𝜎2
�𝑙𝑙𝑗𝑗 = 𝑚𝑚𝐺𝐺,𝑖𝑖𝑖𝑖 ,                    (10) 

 
where Φ𝑖𝑖,𝑗𝑗

𝑇𝑇1  is the difference of the Euclidean distance between 𝑢𝑢𝑖𝑖  and neighboring 
branch points, and Φ𝑚𝑚,𝑛𝑛

𝑇𝑇2  is the difference of the Euclidean distance between 𝑣𝑣𝑚𝑚  and 
neighboring branch points. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 December 2022                   doi:10.20944/preprints202212.0356.v1

https://doi.org/10.20944/preprints202212.0356.v1


 

 

5. The difference of the radius of the vessel between 𝑢𝑢𝑖𝑖 and 𝑣𝑣𝑚𝑚 can be represented as 
follows: 

 
         ∆𝑉𝑉𝑉𝑉(𝑢𝑢𝑖𝑖, 𝑣𝑣𝑚𝑚) = |𝑟𝑟(𝑢𝑢𝑖𝑖) − 𝑟𝑟(𝑣𝑣𝑚𝑚)|                                (11) 

 
If the distance is smaller, the branch points of 𝑢𝑢𝑖𝑖 and 𝑣𝑣𝑚𝑚 are more similar. 

Eventually, the connected component is adopted to remove those tiny vessels, and 
the corresponding pairs of branch points between 𝑇𝑇1  and 𝑇𝑇2  are obtained using the 
aforementioned conditions. Furthermore, the subtrees are skeletonized and sampled for 
CSCPD. In the middle of Figure 7, the result of subtree matching is shown. The blue points 
represent the sampling of the subtree before RT and are matched with the red points, 
which represent the sampling of the subtree after RT. 
 

2.7. Component Structure CPD Registration 
After feature point extraction by GNG, the groups of components in the PCT images 

obtained at 𝑇𝑇2 are individually registered to the corresponding groups in PCT images 
obtained at 𝑇𝑇1 by CSCPD, which is expressed as follows: 

 
      (𝑃𝑃𝑃𝑃𝑘𝑘1,𝑃𝑃𝑃𝑃𝑘𝑘2) = 𝐶𝐶𝐶𝐶𝐶𝐶�𝐺𝐺𝐺𝐺𝐺𝐺(𝐶𝐶𝑃𝑃𝑘𝑘1),𝐺𝐺𝐺𝐺𝐺𝐺(𝐶𝐶𝑃𝑃𝑘𝑘2)�, 1 ≤ 𝑘𝑘 ≤ 𝑁𝑁                  (12) 
 

where 𝑃𝑃𝑃𝑃𝑘𝑘1,𝑃𝑃𝑃𝑃𝑘𝑘2 are the registration results of the k-th group of components in the PCT 
images obtained at 𝑇𝑇1 and 𝑇𝑇2. Then, the registered results of components are combined 
into the PCT image of the entire chest, which is presented as follows: 
 

𝑃𝑃𝑃𝑃1 = ⋃ 𝑃𝑃𝑃𝑃𝑘𝑘1𝑁𝑁
𝑘𝑘=1 , 1 ≤ 𝑘𝑘 ≤ 𝑁𝑁                            (13) 

 
𝑃𝑃𝑃𝑃2 = ⋃ 𝑃𝑃𝑃𝑃𝑘𝑘2𝑁𝑁

𝑘𝑘=1 , 1 ≤ 𝑘𝑘 ≤ 𝑁𝑁                            (14) 
 
where 𝑃𝑃𝑃𝑃1,𝑃𝑃𝑃𝑃2 are the final registration results for all the bones and organs in the chest. 
These are used to evaluate the accuracy of the proposed image registration algorithm. 

 

2.8. Thin Plate Spline 
The nonlinear model based on TPS is employed to deform the nth PCT image to 

increase its similarity to the first PCT image [21]. The TPS model uses interpolation 
between these corresponding points based on the cubic spline function. 

 

2.8. Evaluation Methods for RVPM and CSCPD 
To evaluate the proposed RVPM algorithm, the accuracy of the results of subtree 

matching is calculated using a precision and recall method. The formula is as follows: 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

                                      (15) 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

                                    (16) 

 
where TP is true positive, FN is false negative, and FP is false positive. Moreover, to 
evaluate the proposed CSCPD algorithm, the performance of the registration results is 
calculated based on target registration error (TRE), which adopts the results of TP and FP 
and is calculated as follows: 
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TRE = ��𝑥𝑥𝑡𝑡𝑖𝑖 − 𝑥𝑥𝑙𝑙𝑖𝑖�
2 + �𝑦𝑦𝑡𝑡𝑖𝑖 − 𝑦𝑦𝑙𝑙𝑖𝑖�

2 + �𝑧𝑧𝑡𝑡𝑖𝑖 − 𝑧𝑧𝑙𝑙𝑖𝑖�
2                  (17) 

 
where ( , , )

i i it t tx y z  and ( , , )
i i il l lx y z  are the i-th target feature point and the i-th 

estimated feature point, respectively. 
 

3. Results 

3.1. Evaluation of the RVPM Algorithm 
The accuracy of RVPM was evaluated by precision and recall. In Table 1, the 

validations of the matching results from 15 subjects are shown. The precision and recall 
of the training data set are 0.89 and 0.85, respectively. Both the precision and recall of the 
testing data set are more than 0.8. Moreover, the area under the precision–recall curves is 
more than 0.9, which indicates that RVPM is extremely precise. 

 
Table 1. Precision and recall results of RVPM. 

 
 

3.2. Accuracy Comparison of Lung Image Registration Algorithms 
TRE is adopted to evaluate the lung image registration results of CPD, CPD with 

RVPM, and CSCPD with RVPM. In Table 2, CSCPD with RVPM has the best performance, 
and the accuracy of CPD obviously increases after RVPM is used. Moreover, the t-test 
results (P < 0.05) between CSCPD and CPD reveal that accuracy is 0.001236 for the one-
tail test and 0.002472 for the two-tailed test, which represents a significant difference. 
Therefore, RVPM significantly improves the registration results for the lung parenchyma, 
and CSCPD is useful for addressing the problem of the complex variation caused by RILD 
and disparate deformation. 
 
Table 2. Accuracy comparison 
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3.3. Registration Results of CSCPD in the Chest 
In addition to the lung, the organs and bones in the chest are modeled as several 

components for aligning by CSCPD. The components consist of the (a) bones (ribs, 
vertebrae, and sternum), (b) trachea, (c and d) medial surface, and (e) diaphragmatic 
surface, and the results of feature point set matching are displayed in Figure 8. The red 
points are the feature point sets before RT, and the blue points are the feature point sets 
after RT. Moreover, the left feature point sets in every subfigure are not aligned by CSCPD 
and have obvious deviations and contour variation relating to the effects of respiratory 
motion and RT. After image registration by CSCPD, the right feature point sets in every 
subfigure are well aligned (most feature point sets are matched). 
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Figure 8. Feature point sets matched by CSCPD. Components consist of (a) bones (ribs, 
vertebrae, and sternum) with 1400 feature points, (b) trachea with 300 feature points, (c) 
left medial surface with 500 feature points, (d) right medial surface with 500 feature points, 
and (e) diaphragmatic surface with 150 feature points. Red points are feature point sets 
before RT and blue points are feature point sets after RT. After left feature point sets are 
registered by CSCPD, right feature point sets in every subfigure are well aligned. 
 

4. Discussion 
To obtain a better understanding of the registration results of CSCPD and CPD in 

PCT images, images in the axial view, sagittal plane, and coronal plane were compared, 
as shown in Figure 9. CPD registration results are displayed in Figure 9 (a–c), and CSCPD 
registration results are shown in Figure 9 (d–f). Post-RT PCT images are colored purple, 
pre-RT images are green, and the gray portions are the overlay. The larger gray portions 
in CSCPD implies the better aligning performance of CSCPD. Comparison of the details 
in the subfigures revealed the following: in the axial view, the heartbeat, denoted by white 
arrows, causes disparate deformation and affects the registration results of the border of 
the medial surface; CSCPD is better able to match these points. In the sagittal plane, the 
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respiratory motion, denoted by brown arrows, causes obviously disparate deformation 
and affects the registration results of the diaphragmatic surface; CSCPD is robust to 
address disparate deformation and provides better matching results. In the coronal plane, 
the portions of the bones and the costal surface of the lung are denoted by yellow arrows, 
and CSCPD also has a better performance, regardless of whether the deformation is 
nonrigid or rigid. Eventually, the tissue variation caused by RILD is denoted by blue 
arrows, and CSCPD is still better than CPD. This finding demonstrates that CSCPD is 
robust to address complex tissue variation and disparate deformation. 

 

 
Figure 9. Registration results of CSCPD and CPD in PCT images. CPD registration results 
are displayed in the upper half, and CSCPD registration results are displayed in the lower 
half. Post-RT PCT images are purple, pre-RT images are green, and gray portions are 
overlay. In the axial view, (a) and (d), heartbeat, denoted by white arrows, causes 
disparate deformation. In the sagittal plane, (b) and (e), respiratory motion, denoted by 
brown arrows, causes obviously disparate deformation. In the coronal plane, (c) and (f), 
portions of the bones and costal surface of the lung are denoted by yellow arrows, and 
CSCPD has better performance, regardless of whether deformation is nonrigid or rigid. 
Tissue variation caused by RILD is denoted by blue arrows, and CSCPD is still better than 
CPD. 
 

5. Conclusions 
RILD due to thoracic RT for NSCLC is a common complication that leads to RP and 

RF. RP and RF are caused by radiation toxicity and can lead to unusual PCT findings such 
as GGO, lung consolidation, traction bronchiectasis, honeycombing, and scarring and 
obliteration of the alveolar air spaces. A longitudinal PCT image registration algorithm is 
an essential tool for investigating the relationship between the radiation dose distribution 
and the occurrence and phenotype of RILD. However, the longitudinal registration of 
images of patients with RILD is difficult because of the complex tissue variation and 
disparate deformation of the lung tissue. Conventional feature-based approaches might 
fail to find a sufficient number of matched pairs of feature points to account for the 
disparate deformation caused by breathing and RILD. Moreover, feature extraction of the 
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lung parenchyma is a challenging problem because it shows up as a large dark region. 
Less corresponding pairs can be extracted from a dark region, thereby increasing the 
number of errors. 

In this study, the CSCPD algorithm was proposed to address the problem of complex 
deformation. The unique idea of the algorithm is to establish a disparate deformation 
model by decomposing the chest into several components and matching them with 
individual parameters through nonrigid or rigid CPD. Moreover, the lung RVPM 
algorithm was proposed to generate the vascular subtree and substantially increase the 
corresponding pairs between the two images of lung parenchyma. 

The demonstration experiments are based on 15 pairs of PCT images of patients with 
RILD. When evaluating the RVPM algorithm, the recall and precision of RVPM were 0.85 
and 0.89, respectively. Moreover, a comparison of the accuracy of CSCPD with RVPM, 
CPD with RVPM, and CPD in lung image registration revealed that the TRE of CSCPD 
with RVPM (2.3 ± 1.79) was significantly better than that of conventional CPD with RVPM 
(2.95 ± 1.89) and conventional CPD (5.04 ± 2.87), indicating that RVPM significantly 
improves registration results for the lung parenchyma. Furthermore, comparison of the 
registration results between CSCPD and CPD in PCT images of the entire chest revealed 
that CSCPD has better performance, irrespective of whether the deformation is nonrigid 
or rigid. Therefore, the proposed registration system is robust to address the complex 
deformation of lungs with RILD and improves registration accuracy within the 
parenchyma. 
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