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Introduction

Breast cancer is the most commonly diagnosed cancer  
and the leading cause of cancer death among women 
worldwide (1). Breast-conserving therapy (BCT), which 
involves a wide local excision followed by radiotherapy 

to the whole breast, has become the standard treatment 
for early-stage breast cancer (2). The addition of boost 
irradiation to the tumor bed after whole breast irradiation 
(WBI) has shown further improvement of local control (3). 
As most local recurrences appear close to the tumorectomy 
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cavity, accelerated partial breast irradiation (APBI), which 
only irradiates the tumor bed and its surrounding breast 
tissue, has become an alternative to WBI for patients with 
low risk of recurrence (4). For either irradiation mode, 
accurate delineation of the breast tumor bed and its target 
volume is essential. However, the target volume varies 
widely in terms of specimen volume, seroma size, clarity, 
surgical clips, inter-observer variability, and other factors (5).

Registering the computed tomography (CT) image 
acquired before surgery to the CT image acquired after 
surgery can help define the target volumes for radiotherapy 
treatment planning. However, considering soft tissue 
nature, the image registration for breast is difficult (6). 
Breast is a non-rigid object which undergoes large and 
complex deformations in shape and volume. Due to surgical 
operation and postoperative breast changes, it is difficult 
to match the pre- and post-operative CT scans using rigid 
image registration methods (7-9). Recently, deformable 
image registration (DIR) has been introduced to define 
the breast tumor bed with different imaging modalities, 
including CT (10), contrast CT (11), magnetic resonance 
imaging (MRI) (12) and positron emission tomography/
computed tomography (PET/CT) (13). In general, the 
registration accuracy of DIR methods is higher than that of 
rigid registration methods.

A c c o r d i n g  t o  m a t c h i n g  i n f o r m a t i o n  u s e d  i n  
registration (14), the DIR methods can be divided into two 
categories: feature-based DIR and intensity-based DIR. 
So far, there are no reports on feature-based DIR in breast 
cancer radiotherapy due to the difficulty in identifying 
landmarks in clinical practice. For intensity-based DIR, 
there are several applications. However, certain issues have 
to be considered, which usually do not exist in conventional 
registration applications (15,16). First, for patients 
undergoing breast-conserving surgery, the tumor is resected, 
and the tumor bed displays different image intensities 
due to the insertion of surgical clips and postoperative 
changes (such as seromas). These intensity changes will 
compromise the accuracy of intensity-based DIR methods 
(17,18). Second, the traditional evaluation metrics for image 
registration are not directly applicable (16). Since the tumor 
is resected, there is no direct correspondence between the 
tumor and its bed. Third, the final deformation field is 
discontinuous due to tumor resection and clip insertion. 
This discontinuity will cause an ill-conditioned and non-
invertible transformation matrix. Fourth, not all breast 
tumors are visible on preoperative CT images, particularly 
for CT scans without contrast usage. The tumor volume on 

the preoperative CT image is different from the real tumor 
volume resected during surgery. Additionally, the uniform 
expansion of the preoperative tumor volume does not well 
represent the resected tumor volume due to asymmetric 
excision of the tumor (19).

There are several DIR methods adopted by commercial 
image  reg i s t ra t ion  sof tware ,  such  as  MIM (20) ,  
Velocity (13), and Mirada (11), of which the performance of 
contour propagation has been thoroughly investigated (21). 
Although most studies have indicated that DIR is helpful 
in contour delineation, Yu et al. (12) found a relatively poor 
spatial overlap for both the whole breast and the target 
volumes. These studies focused mainly on commercial 
image registration software’s clinical applications and less 
on the technical aspects of DIR methods. To investigate 
the reliability of the DIR methods, Wodzinski et al. (22) 
examined different variants of the Demons algorithm. The 
nonparametric Demons algorithms were compared with 
the parametric B-spline free-form deformations (FFD), 
which employed analytical gradient calculation (23) to 
speed up the registration process. For the initial alignment 
procedure, the iterative closest point algorithm was 
comparable with the intensity-based rigid registration (24). 
To further validate the deformation correctness, Wodzinski 
et al. (10) proposed alternative artificial deformations that 
model the tumor bed creation process. A comprehensive 
evaluation demonstrated that the symmetric Demons 
algorithm provides the most accurate soft tissue alignment, 
while B-splines FFD and TV-L1 optical flow are not 
appropriate. Although the dedicated artificial deformation 
models were proposed to mimic real soft tissue motions, 
the ideal solution to validate the deformation would be a 
method to incorporate with biomechanical analysis. Besides, 
the above studies concentrated mostly on the tumor bed 
rather than the clinical target volume (CTV). Since CTV is 
defined as the extension of the tumor bed, which includes 
more surrounding soft tissue areas, the DIR method could 
pay more attention to the alignment of surrounding soft 
tissue, rather than the local discontinuities near the tumor 
bed region.

In this study, the conventional B-splines based DIR 
method was improved with the introduction of point 
metric and masking technique to reduce the influence of 
discontinuities caused by tumor resection and clip insertion 
on registration accuracy. In Method Section, the procedure 
of the improved intensity-based DIR method is introduced. 
Then, the applications of the point metric and masking 
technique are explained in detail. Next, the experiments 
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and evaluation methods are described. In Results Section, 
the improved DIR method’s performance combined with 
point metric and masking technique is reported. Finally, 
the proposed method’s advantages and disadvantages are 
discussed, and future work is prospected.

Methods

Improved intensity-based DIR

The flowchart of the improved image registration process 
is illustrated in Figure 1. Image registration aims to find a 
transform T that spatially aligns a moving image IM to a 
fixed image IF. The masking technique is employed, and 
both masks for fixed and moving images are generated. For 
intensity-based image registration, the optimal alignment 
is generally determined by optimizing a similarity metric 
between image intensities. In this study, mutual information 
(MI) was used because it is appropriate for circumstances 
where corresponding anatomies’ pixel intensities are 
inherently different. Additionally, a point metric was 
introduced to regularize the intensity-based registration. 
The registration was performed in two steps. First, the 

global registration, affine transformation (AT), was used for 
initial alignment between fixed and moving images. Then 
the local registration, B-splines based DIR (25), was used to 
refine the initial alignment between the two sets of images. In 
this study, an iterative stochastic gradient descent optimizer 
was employed, and its principles are described in Appendix 1.

Point metric and masking technique

A point metric (26) minimizes the distance between two 
point sets with known correspondence. It is defined as the 
mean Euclidean distance:

( )i iFi
CP M μ Fx

1S x T x
P

= −∑  

 
[1]

where P is the number of points xi, iFx  and iMx  are 
corresponding points from the fixed and moving image 
point sets, respectively. We modeled the non-rigid 
transform T with a B-splines based deformation field, 
where μ is parameters of the transformation T. This metric 
was used to regularize an intensity-based registration by 
considering those positions where their correspondences 
were known. The derivative of SCP is:

Fixed image (IF)

Fixed mask Moving mask

Transform (T)

Similarity metric

Update 

Point metric

Optimizer

Output (T)

Moving image (IM)

Figure 1 Flowchart of the improved image registration process. Solid boxes represent the conventional procedure, while dashed boxes 
represent the introduced components (point metric and masking technique).
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The corresponding point sets in each patient contained 
an average 30 pairs of points located in unaffected breast 
tissue and were marked manually by the physician.

The masking technique is mainly for setting the region 
of interest (ROI). Masks can be used for both the fixed and 
the moving images. A fixed image mask is sufficient to focus 
the registration on an ROI, since samples are drawn from 
the fixed image. A mask for the moving image excludes 
nonsense grey values since areas outside the mask do not 
actively contribute to the cost function. The mask is used 
for dilated whole breast subtracting 2 cm expansion of 
the tumor on the diagnostic CT (the fixed image). If the 
tumor expansion is not subtracted, it means no mask for 
the fixed image in this context. The mask is used for dilated 
whole breast subtracting obvious postoperative changes 
such as clips and seromas near the tumor bed region on the 
planning CT (the moving image). If postoperative changes 
are not subtracted, it means no mask for the moving image 
in this context.

For testing purposes, registration based on the AT and 
the conventional DIR method was performed to obtain a 
standard result. Examples of fixed and moving images in 
the conventional DIR method are shown in Figure 2A,B, 
respectively. Three combinations of point metric and 
masking technique on the effect of registration accuracy 
were investigated. The first combination (DIR-1) consisted 
of the fixed image (Figure 2C) and the moving image  
(Figure 2D) both without point metric but with masking 
technique. The second combination (DIR-2) consisted 
of the fixed image (Figure 2E) and the moving image  
(Figure 2F) both with point metric but without masking 
technique. The third combination (DIR-3) consisted of the 
fixed image (Figure 2G) and the moving image (Figure 2H) 
both with point metric and masking technique.

Experiments

The local ethics committee approved this study, and 
informed consent was waived in this retrospective study. 
The test data set consisted of 26 CT scans collected from 
13 patients who underwent breast-conserving surgery and 
postoperative radiotherapy in our hospital. All tumors were 
clearly visible on the diagnostic CT scans, and their volumes 
varied from 630 to 5,420 mm3, averaging 1,621 mm3. The 
dimensions of CT volume varied from 512×512×57 to 

512×512×86 in voxels, and the slice thickness was 5.0 mm. 
In-plane image resolution varied from 0.68×0.68 mm to 
1.37×1.37 mm. The registrations were performed on a  
64 bit PC equipped with Intel Core i5 CPU 3.4-GHz and 
32 GB RAM.

Elastix registration software developed by Klein and 
Staring (27,28) (http://elastix.isi.uu.nl) was employed in this 
study. The AT initialized the intensity-based registration. 
A multi-resolution B-splines based registration was then 
performed. In the multi-resolution approach, Gaussian 
pyramid was used to smooth and down-sample the image at 
different scales. Here, we chose three resolutions. The grid 
size of the control points of the B-splines model was set to 
16. Each scale’s grid space was set to [4 2 1] times a physical 
unit (in mm). The larger grid size allowed the registration 
to match large structures and skip small structures in the 
multi-resolution registration. The smaller grid size ensured 
that the detailed structures in the breast could be matched.

Evaluations

The methods’ performances were evaluated by the 
standards of target registration error (TRE), the Jacobian 
determinant, and visual assessment.

TRE (29) is based on the Euclidean distance between 
corresponding points in the fixed and the moving images. 
Mean TRE value is defined as follows:

 [3]( ) ( ) ( )2 2 2' ' '
mean i i i i i ii

1TRE x x y y z z
I

= − + − + −∑

where i is a single point indicator, I is the total number 
of points, x, y, z denote the fixed point coordinates, and 
x', y', z' denote the corresponding point coordinates in 
the transformed moving image. It is noted that there is 
no direct correspondence between the tumor and its bed. 
We grouped all points into three categories according 
to their locations at unaffected soft tissues (within 5 cm 
away from tumor area), rigid structures (ribs, breastbone), 
and body boundaries (nipple) as illustrated in Figure 3. In 
total, 30 pairs of points were chosen for each patient. The 
median of the registration error, together with 25 and  
75 percentile values were reported. The Benjamini-
Hochberg method was used to correct for multiple 
comparisons in five registration methods (AT, DIR,  
DIR-1, DIR-2, and DIR-3). A level of P<0.05 was 
considered statistically significant, and all statistical analyses 
were performed in R (version 3.6.3).

The resulting transformations’ plausibility was assessed 

http://elastix.isi.uu.nl
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Figure 2 Examples of fixed and moving images in four deformable image registration (DIR) methods. (A) Fixed image of DIR; (B) moving 
image of DIR; (C) fixed image of DIR-1; (D) moving image of DIR-1; (E) fixed image of DIR-2; (F) moving image of DIR-2; (G) fixed 
image of DIR-3; (H) moving image of DIR-3. The green label represents the fixed image mask (if tumor expansion is not subtracted, it 
means no mask) and the blue label represents the moving image mask (if postoperative changes are not subtracted, it means no mask). 
Point pairs for calculating point metric are represented by red dots. For DIR, the conventional method consisted of the fixed image and the 
moving image both without point metric and without masking technique. For DIR-1, the first combination consisted of the fixed image and 
the moving image both without point metric but with masking technique. For DIR-2, the second combination consisted of the fixed image 
and the moving image both with point metric but without masking technique. For DIR-3, the third combination consisted of the fixed 
image and the moving image both with point metric and with masking technique. DIR, deformable image registration.

A

D

G

B

E

H

C

F



1201Quantitative Imaging in Medicine and Surgery, Vol 11, No 4 April 2021

© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2021;11(4):1196-1208 | http://dx.doi.org/10.21037/qims-20-705

by the Jacobian determinant of the displacement vector 
field (DVF). The Jacobian determinant identifies the local 
volume change as a result of the registration. Values greater 
than 1 indicate volume expansion. Values between 0 and 1 
indicate volume reduction. Value 1 indicates no change. A 
value less than or equal to 0 indicates non-physical motion. 
This quantity can be used to screen the transformation 
matrix for any ill behaviors. However, positive Jacobians do 
not automatically guarantee registration accuracy because 
large local changes in the Jacobian determinant can also 
indicate a registration error (e.g., voxels in a small 2×2 
region with a Jacobian of 10 while surrounding voxels have 
a Jacobian of 1).

Visual assessment of medical images is necessary 
because it is easy to identify improper results based on the 
physician’s clinical experience. The checkerboard image is 
one of the most commonly-used qualitative visualization 
tools for detecting registration error. It is particularly 
effective for identifying mismatches between corresponding 
structures at high contrast tissue interfaces (16). Besides, 
image overlay display produces images that are the blended 
composition of registered images. Fixed and deformed 
moving images are displayed in opposite colors (red and 
cyan), and all perfectly aligned structures are displayed in 
gray. Any deviations are shown in either red or cyan for 
fixed or deformed moving images, respectively. Each patient 
CT image was evaluated by two experienced physicians 
within 4 to 5 minutes.

Results

The running time of a single test including affine and 
B-splines based registration averaged 150 seconds. With 
the application of point metric and masking technique, the 
running time was 158 seconds. On average, the time taken 
to place points was 8 minutes, and the time taken to set the 
masks was 3 minutes.

The statistics of TRE for the five different methods 
are listed in Table 1. The corrected P values for multiple 
comparisons are shown in Figure 4. The initial AT achieved 
median TREs of 7.38, 5.82, and 8.17 mm for soft tissue, 
rigid structure, and boundaries, respectively. The Wilcoxon 
signed-rank test was performed to compare the AT and 
other DIR methods. The P values were less than 0.05, 
which indicated significance with the application of DIR 
methods. Except for soft tissue alignment, there was no 
statistical difference between AT and DIR methods without 
point metric (DIR and DIR-1). Specifically, the P value 
was 0.29 between AT and DIR, and the P value was 0.19 
between AT and DIR-1.

Among the different DIR methods listed in Table 1, the 
application of point metric (DIR-2 and DIR-3) significantly 
improved the soft tissue alignment. Specifically, without 
applying masking technique, TRE decreased from 5.88 
to 2.51 mm (comparison between DIR and DIR-2). With 
the application of masking technique, TRE decreased 
from 5.28 to 2.27 mm (comparison between DIR-1 and  
DIR-3). In evaluating rigid structures, all DIR methods met 

A
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Figure 3 Three categories of point sets chosen for calculating target registration error (TRE). (A) Soft tissues next to the tumor area (fixed 
image); (B) rigid structures (fixed image); (C) body boundaries (fixed image); (D) soft tissues next to the tumor area (moving image); (E) rigid 
structures (moving image); (F) body boundaries (moving image). These points are represented by red dots.
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the clinical tolerance of 2–3 mm (16). Although there was 
no statistically significant improvement with the application 
of masking technique (DIR-1 compared with DIR, DIR-
3 compared with DIR-2), a slight decrease in registration 
error was observed. P values were all above 0.05 within 
the three different point sets. However, TRE decreased by 
4.6% and 9.9% on average in rigid structure and soft tissue 
alignment, respectively. DIR-3 showed higher accuracy in 
the registration of soft tissue and rigid structures, but less 
accuracy in the registration of boundaries.

The statistics of the Jacobian determinant for the 4 DIR 

methods are listed in Table 2. Representative transverse 
views of the spatial Jacobian map around the tumor areas 
are shown in Figure 5. The Jacobian determinant of the 
deformation was positive for all patients. In general, with 
the application of point metric, the mean values of the 
Jacobian determinant decreased (DIR-2 compared with 
DIR, DIR-3 compared with DIR-1). Without application 
of masking technique (as shown in Figure 5A,C), a local 
expansion of volume near the tumor region was observed, 
which seemed unrealistic from a clinical point of view.

For qualitative visual assessment, the image overlay 

Table 1 The results of TRE (mm) for AT and DIR methods

Methods 
Boundary Rigid structure Soft tissue

Median 25 PCTL 75 PCTL Median 25 PCTL 75 PCTL Median 25 PCTL 75 PCTL

AT 8.17 6.33 10.43 5.82 3.24 11.31 7.38 5.48 10.02

DIR 3.12 2.61 6.05 2.63 1.50 3.72 5.88 3.60 6.47

DIR-1 3.07 2.46 6.20 2.50 1.51 3.49 5.28 4.30 6.06

DIR-2 2.87 2.17 3.61 2.35 1.55 3.72 2.51 1.85 2.65

DIR-3 3.28 2.02 4.53 2.25 1.59 3.71 2.27 1.91 2.58

The columns showed the statistics (median, 25 and 75 PCTL values) corresponding to three categories of point sets (boundary, rigid 
structure, and soft tissue). PCTL, percentile.

Figure 4 The corrected P values for multiple comparisons of the five registration methods. A level of P<0.05 was considered statistically 
significant. For DIR, the conventional method consisted of the fixed image and the moving image both without point metric and without 
masking technique. For DIR-1, the first combination consisted of the fixed image and the moving image both without point metric but 
with masking technique. For DIR-2, the second combination consisted of the fixed image and the moving image both with point metric but 
without masking technique. For DIR-3, the third combination consisted of the fixed image and the moving image both with point metric 
and with masking technique. AT, affine transformation; DIR, deformable image registration.

Boundary Rigid structure Soft tissue

1.0

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0.0



1203Quantitative Imaging in Medicine and Surgery, Vol 11, No 4 April 2021

© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2021;11(4):1196-1208 | http://dx.doi.org/10.21037/qims-20-705

Table 2 The results of Jacobian determinant for four DIR methods

Methods Mean ± SD Min Max

DIR 1.00±0.19 0.54 1.63

DIR-1 0.99±0.16 0.55 1.52

DIR-2 0.94±0.21 0.43 1.61

DIR-3 0.93±0.18 0.47 1.51

The columns showed the statistics (mean ± standard deviation, minimum and maximum values) corresponding to four DIR methods.

Figure 5 Transverse views of the spatial Jacobian map of the transformation for deformable image registration (DIR) (A), DIR-1 (B), DIR-
2 (C), DIR-3 (D). Values greater than 1 (red end of spectrum) indicate local volume expansion. Values less than 1 (blue end of spectrum) 
indicate volume reduction. The pink contour represents the original tumor and the blue contour represents its expansion with a 2-cm 
margin. For DIR, the conventional method consisted of the fixed image and the moving image both without point metric and without 
masking technique. For DIR-1, the first combination consisted of the fixed image and the moving image both without point metric but 
with masking technique. For DIR-2, the second combination consisted of the fixed image and the moving image both with point metric but 
without masking technique. For DIR-3, the third combination consisted of the fixed image and the moving image both with point metric 
and with masking technique.
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displays and the checkerboard images between the fixed 
and the transformed moving images are shown in Figure 6. 
Visual assessment of DIR methods was better than that of 
AT, which was consistent with the TRE metric’s evaluation 
results. Further improvement of soft tissue alignment was 
observed in the methods with point metric (as shown in 
Figure 6G,H,I,J) since the blended displays were almost in 
gray. However, there was no significant difference between 
DIR-2 and DIR-3.

Discussion

The alignment of anatomical landmarks is a direct way 
to evaluate the accuracy of registration. In this study, the 
landmarks in soft tissue were within 5 cm away from the 
tumor region, which better represents soft tissue movement 
close to the tumor. Furthermore, the soft tissue points 
can be more reliable than the other two categories (rigid 
structures and body boundaries) because they are the closest 
to the tumor region.

The introduction of point metric is critical for DIR 
methods. As shown in Table 1, without the application of 
point metric (DIR and DIR-1), the soft tissue alignment 
was poor and did not meet the clinical tolerance. With 
the masking technique’s application only (DIR-1), the 
improvement of soft tissue alignment was limited. This 
might have been caused by the intensity changes of non-
corresponding regions, as well as inaccurate masking area. 
With the application of point metric and masking technique 
(DIR-3), higher registration accuracy in soft tissue and 
rigid structures was obtained. However, the registration 
accuracy in the boundaries was poorer. This is partly due 
to surgery’s unexpected effect, where some patients may 
undergo extensive remodeling of the nipples (presented as 
the boundaries).

The spatial Jacobian image can help to identify certain 
unrealistic results according to the clinical scenario. Our 
hospital’s surgical regimen did not involve oncoplastic 
surgery, where the breast tissue is remodeled extensively 
(10,11). Thus, the Jacobian determinant would not deviate 
too far from 1, especially near the excision area. The 
mean values of the Jacobian determinants were smaller 
with the application of point metric (DIR-2 compared 
with DIR, DIR-3 compared with DIR-1), which is more 
consistent with the volume reduction caused by surgery. 
Without applying masking technique (as shown in  
Figure 5A,C), there is a local expansion of volume near the  
2 cm expansion of the tumor. It seems unrealistic because 

the 2 cm expansion is approximate to the real surgical 
margin of the tumor. Thus, the masking technique 
is recommended for more realistic modeling of the 
deformation on the expansion of the tumor region.

For qualitative visualization, the region next to the tumor 
can be more reliable in assessing accuracy. Therefore, in our 
study, unaffected soft tissues were inspected more carefully. 
The method with point metric achieved better matching for 
soft tissue, regardless of applying masking technique.

Contour-based DIR or hybrid DIR methods have been 
applied in various sites. Incorporating contour information 
with intensity-based registration can achieve better 
registration accuracy. However, in our study, the ROIs that 
could be used as constraints were almost unavailable, which 
precludes the application of the contour-based or hybrid 
DIR methods. Our method had significant advantages in 
terms of performance compared with other open source 
DIR frameworks (30). Based on preliminary results, our 
work achieved comparable results to commercial image 
registration software (31,32) in terms of the TRE tolerance, 
according to the AAPM TG-132. The proposed method 
could be applied to other sites, especially for those non-
corresponding regions composed of low contrast tissue.

DIR methods that employ both image intensity 
and landmarks hold great promise for medical image 
registration applications (33). However, these methods lack 
robustness for clinical applications since the landmarks are 
less available in routine practice (34). Moreover, there exists 
the possibility of inter-observer disagreement in identifying 
landmarks, especially in low contrast regions, which has 
also been investigated by some researchers (35). As for 
the application of masking technique for diagnostic CT,  
2 cm is generally recognized as the safety margin in breast-
conserving surgery. However, the asymmetric excisional 
margin varies from person to person in clinical practice. 
Thus, a more appropriate range of masking should be 
considered in order to achieve more reasonable delineation 
of CTV.

There are several limitations of this study. First, the 
image data sets were limited, as the patients were required 
to undergo diagnostic CT as a preoperative work-up. 
More data should be collected in the future. Second, 
the evaluation was susceptible to subjectivity of human 
operator. More physicians should, therefore, be recruited 
for evaluation in the future. Third, the CT image’s slice 
resolution in this study was limited to 5 mm due to clinical 
protocol. A finer thickness (<3 mm) will result in better 
registration accuracy, where the improvement is marginal 
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Figure 6 Image overlay displays and checkerboard images for visual assessment. (A) Image overlay display of the affine transformation (AT); 
(B) checkerboard image of AT; (C) image overlay display of deformable image registration (DIR); (D) checkerboard image of DIR; (E) image 
overlay display of DIR-1; (F) checkerboard image of DIR-1; (G) image overlay display of DIR-2; (H) checkerboard image of DIR-2; (I) 
image overlay display of DIR-3; (J) checkerboard image of DIR-3. For DIR, the conventional method consisted of the fixed image and the 
moving image both without point metric and without masking technique. For DIR-1, the first combination consisted of the fixed image and 
the moving image both without point metric but with masking technique. For DIR-2, the second combination consisted of the fixed image 
and the moving image both with point metric but without masking technique. For DIR-3, the third combination consisted of the fixed 
image and the moving image both with point metric and with masking technique.
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with 1 mm according to previous reports (36). Therefore, 
3 mm is preferred for clinical use and will be adopted in 
future studies.

In this study, the corresponding point sets were 
recognized manually by experienced physicians. This 
procedure can be greatly improved by automatic detection 
algorithms and deep learning methods in terms of efficiency 
and precision. Furthermore, additional feature extraction 
and other intensity-based registration methods should be 
explored. Since the points used for regularization in the 
DIR method are extracted from unaffected glandular tissue, 
the gland’s entire contour could also be used as an additional 
feature. It may also serve as an ROI for quantitative 
assessment, which is supplementary to current evaluation 
methods.

Conclusions

The introduction of point metric and masking technique to 
the intensity-based B-splines DIR method is effective for 
registering CT images before and after breast-conserving 
surgery. The influence of large deformations and non-
correspondence on the DIR method’s registration accuracy 
can be reduced to a certain degree. This method provides 
a feasible way for target volume definition in postoperative 
breast cancer radiotherapy treatment planning.
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Supplementary

Appendix 1

In general, the registration problem is formulated as an 
optimization problem which maximizes a cost function 
C(T; IF, IM) with respect to the transform T. The transform 
T is obtained by optimizing the control point location in a 
manner which maximizes the similarity metric between the 
fixed image (IF) and the moving image (IM),

( )F MT
T arg max C T;Iˆ , I=

  
[1]

with

( ) ( ) ( )F M F MC T;I , I S T; I , I αP T= − +  [2]

where P(T) is a regularization term which constrains non-
rigid deformation and α is a weighting factor which balances 
the similarity metric S(T; IF, IM)  and the regularization term 
P(T). We model the non-rigid transform T with a B-Splines 
based deformation field, where parameter μ models the 
transformation T. Finding the optimal transformation T̂  
therefore is an optimization problem, determining the 
parameter μ that maximizes the cost function C(μ; IF, IM),

 ( )μ μ F MT
T arg max C T ;I , I=  [3]

or

( )F MT
μ arg max C μ; I , I=  [4]

In every iteration k, the current parameter μk is updated 
by adding a small step in direction of the derivative of the 
cost function /C µ∂ ∂ ,

k 1 k k
Cμ μ a
μ+
∂

= −
∂

 [5]

where αk >0 is the size of the step which changes in every 
iteration. Klein et al. (37) proved that using a decay of αk 

according to ( )k
aa

k A γ=
+ , where α>0, A≥1, and 0 ≤ y ≤1 are 

user-predefined constants, the convergence rate significantly 
reduces computation time without affecting the final result. 
Based on this result, we used the stochastic gradient descent 
in our study.
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