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ABSTRACT This study utilized the U-Net deep learning model to automate the segmentation of three-
dimensional after-loaded metal source applicators, aiming to expedite treatment planning, reduce patient
wait times, and enhance the treatment process. Using CT images from cervical cancer patients treated
between December 2020 and August 2023, 27 images formed the training set, 3 were for validation, and
10 for testing. The model’s performance was evaluated against expert delineations using metrics like the
Dice similarity coefficient (DSC), Hausdorff distance 95% (HD95), and others. The results were integrated
into an after-loading planning system to locate applicator pathways and assess dose accuracy and feasibility.
For the test group, the DSC ranged from 0.90 to 0.93, HD95 from 0.79 to 0.80 mm, and ASSD from 0.03 to
0.22 mm, with an average segmentation time of 65 seconds, significantly faster than manual delineation.
The automatic pathways closely matched the original plan’s dosimetric parameters (P > 0.05), indicating
the system’s potential for safe application in after-loading planning for cervical cancer treatment. The U-
Net-based region-growing method shows promise in improving the efficiency and accuracy of after-loaded
applicator segmentation.

INDEX TERMS Cervical cancer, after-loaded treatment planning, deep learning, U-Net, automatic
segmentation.

I. INTRODUCTION point for the World Health Organization (WHO) [1].
According to data from the WHO, in 2020, there were
approximately 604,000 new cases of cervical cancer world-
wide, with 342,000 deaths; cervical cancer was thus the
fourth most common cancer by incidence [2]. Radiotherapy
plays a crucial role in the treatment of cervical cancer,

The associate editor coordinating the review of this manuscript and and after-loading treatment is an indispensable portion of
approving it for publication was Bing Li . radiotherapy [3], [4].

Cervical cancer is a common gynecological malignancy
worldwide and is characterized by a high incidence and
significant threat to patient health, making it a focal
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Traditional after-loading treatment for cervical cancer typ-
ically involves two-dimensional planning, which is a widely
used method. However, with the continuous advancement
of medical technology, three-dimensional after-loading
treatment plans have gained increasing attention. Compared
to traditional two-dimensional planning, three-dimensional
after-loading treatment offers a range of significant
advantages, including greater precision, personalized treat-
ment, treatment monitoring, and reduced side effects [5], [6],
[7]. However, three-dimensional after-loading treatment also
has several limitations. For example, this process requires
target area delineation and source applicator reconstruction;
these processes often require a significant amount of time and
human resources [8]. Using Al for target area delineation is
difficult due to individual patient variations. However, using
Al for source applicator reconstruction is more feasible for
Al automation because their shape is generally fixed, and the
tissue density differs from that of human tissue, especially
for metal source applicators [9], [10], [11]. Currently, there
are relatively few reports on the automatic segmentation of
cervical cancer after-loading source applicators using the U-
Net algorithm [12].

In this study, a neural network region-growing deep
learning (DL) model based on a small-sample U-Net training
set was proposed. The proposed model was trained and
evaluated for the automatic segmentation of metal source
applicators in after-loading simulated CT images of cervical
cancer patients. Subsequently, the performance of the DL
algorithm model was compared against that of traditional
manual delineation methods using software. Additionally,
post processing of the source applicators was performed
through skeletonization and polynomial curve fitting. The
automatic reconstruction of source applicator pathways was
achieved in the three-dimensional after-loading planning
system, and the accuracy of the study results was assessed
using dosimetric evaluation methods.

A. MATERIALS AND METHODS

1) DATA AND DATA ANNOTATION

The study was approved by the Medical Ethics Committee
of Zhejiang Provincial People’s Hospital (2024-03-11, No.
QT2024054). Due to the retrospective nature of the analysis,
the requirement for informed consent was waived. Data
for this retrospective analysis were collected and analyzed
between November 2023 and January 2024. The patient
data was completely anonymous, and during or after data
collection, the authors could not obtain information that could
identify individual participants.

In this article, the localization CT imaging data of
40 patients who underwent cervical cancer after-loading
brachytherapy at our institution from December 2020 to
August 2023 were retrospectively studied. The CT images
had a resolution of 0.1 cm x 0.1 cm x 0.3 cm, with a range
of 37 to 65 slices and an average of 54 slices. The age of the
40 patients ranged from 32 to 87 years, with a median age of
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54.5 years. The body mass index (BMI) ranged from 18 to 25,
with a median value of 21.

The inclusion criteria for patients were as follows: @
Had early-stage cervical cancer after surgery, where this
cancer was clinically staged as T1-2NOMO, and lacked
distant metastasis. @ The absence of other systemic diseases.
The exclusion criteria for patients were as follows: @ Had
contraindications to radiotherapy. @ Previously received
radiotherapy, chemotherapy, or other antitumor treatments.

All 40 cases included metal tube applicators (Xinhua appli-
cator, Shandong, No. 084.350). The applicators on the CT
images were contoured by experienced physicists using the
Acclearning platform (Manteia, Xiamen, China). High-level
physicists manually delineated the contours containing the
applicators in the CT images and labeled the three applicators
as Source_L, Source_M, and Source_R, representing the left,
middle, and right applicators, respectively.

2) DATA PREPROCESSING

The training set’s CT images were subjected to Z score
normalization, which involved subtracting the dataset’s
image mean from each data point and then dividing that
difference by the standard deviation. This normalization
ensures data quality and consistency while enhancing the
contrast between the source applicators and the backgrounds
of the images, emphasizing the applicator features. After
preprocessing, voxel resampling was applied to the images,
uniformly resampling them to a voxel size of 1.0 x 1.0
while maintaining the slice thickness. Since source appli-
cators are typically located in the middle portion of CT
images, random window cropping was performed on the
CT images and their corresponding ground truth images.
The window center was randomly selected from the ground
truth and background images at a 1:1 ratio, and the
window size was set to 320 x 320. To increase the dataset
diversity, data augmentation techniques, including flipping,
scaling, rotation, gamma transformation, and elastic defor-
mation, were applied to the training images. Both window
sampling and data augmentation were performed online
during the training phase to achieve the best augmentation
results.

B. CONSTRUCTION OF THE U-Net MODEL

1) CONSTRUCTION OF THE NETWORK MODEL

We employed a medical image segmentation network archi-
tecture based on U-Net, which consists of a total of 10 parts.
The model takes the input as 320 x 320 CT images. The
first 5 layers are downsampling layers, each comprising
two convolution operations and one max pooling operation.
Layers 6 to 9 are upsampling layers; after a deconvolution
operation in each layer, low-level and high-level information
are fused through skip connection layers, enabling the model
to capture both semantic information and textural details.
Subsequently, two convolution operations are performed,
with a convolution kernel size of 3 x 3, a deconvolution
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kernel size and a max pooling kernel size of 2 x 2, and a
stride of 1. The activation function used was the rectified
linear unit (ReLU). In the 10th layer, cross-channel features
are integrated using a 1 x 1 convolutional kernel with the
sigmoid activation function, resulting in a final output of a
320 x 320 two-dimensional prediction map (as shown in
Figure 1).
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FIGURE 1. The structure of U-Net network annotation: Conv:
Convolutional layer, BatchNorm: Batch normalization layer, ReLU, residual
block: residual connection block.

2) MODEL OPTIMIZATION

The optimizer optimized during training is Adam (adaptive
moment estimation) [13]. Adam dynamically adjusts the
learning rate for each parameter using first and second-
order moment estimates of the gradients. After bias correc-
tion, the learning rate is within a determined range after
each iteration, ensuring parameter integrity. The selected
loss function is a combination of cross-entropy and Dice
loss [14].

3) TRAINING AND SEGMENTATION OF THE NETWORK

The preprocessed training and validation sets are fed into
the network for training with a batch size of 8. For each
batch of data, the model’s forward propagation process
calculates the model’s output. The input images are mapped
to segmentation masks indicating the positions of the metal
source applicators. The difference between the segmentation
mask generated by the model and the real label mask
(from the training set) is computed to determine the loss.
This loss represents measures the discrepancy between the
model’s output and ground truth. Using the computed loss,
gradients are calculated using the backpropagation algorithm
to determine how each model parameter affects the loss.
An optimizer is used to update the model’s weights and
biases to minimize the loss through self-adjustment. After
each training epoch, the model’s performance is evaluated
using the validation set. The maximum number of epochs
is set to 200, the initial learning rate is set to 34 and the
exponential moving average loss is calculated for both the
training and validation sets. If the loss does not decrease
by more than 1% within 3 epochs, the learning rate is
reduced by 50%. To improve the model’s performance, the
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hyperparameters are adjusted based on the performance on
the validation set. Training ends when the validation set
performance no longer improves. Once training is complete
and the model’s performance stabilizes with an increasing
number of samples (as shown in Figure 2), the test set data
are input into the network for segmentation. This process
yields the segmentation results for each patient, which are
subsequently evaluated, including the Dice index, to assess
the model’s performance.
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FIGURE 2. Evolution of Dice Similarity Coefficient (DSC) of train and
validation data sets during the training process. Annotation: loss_tr:
training set loss curve, loss_val: validation set loss curve, pseudo dice:
validation set pseudo dice curve, pseudo dice (mov. avg.): moving average
of validation set pseudo dice curve.

4) MODEL EVALUATION

The accuracy of source applicator reconstruction depends
on the segmentation accuracy of the applicators. Therefore,
to assess segmentation effectiveness, the following seven
metrics are adopted for evaluation [13], [15], [16].

5) DSC

The compilation section of the model defines the DSC,
which is used to measure the similarity between two
samples and has values ranging from O to 1. A value of
0 represents dissimilarity, while 1 indicates a high degree
of similarity and excellent segmentation results. In actual
predictions, each patient has CT images comprising 70-90
layers. Therefore, the mean and standard deviation of the
DSC are calculated; the same approach is used for all other
evaluations.

6) HAUSDORFF DISTANCE (HD)

Since the DSC is sensitive to the internal filling ratio, the HD
is used to evaluate the model. Given two samples A and B in
the spatial domain, the HD is used to measure the distance
between these two samples. The HD is calculated as follows:

HD (A, B) = max (D (A, B), D (B, A)) (1

In the equation (1), D(A, B) = maxae AminbeB||a — b|,
where A represents the predicted image, B represents the
ground truth image, and a and b are elements within A and
B, respectively. To account for outliers in both the predicted
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and ground truth images, the 95th percentile of the HD is
computed and denoted as HD95.

7) RELATIVE VOLUME DIFFERENCE(RVD)
The RVD is defined as follows:

A+
]WD:(————OXI% 2)
B+ A

where A is the Laplace smoothing factor. In the equation (2),
A is set to 1 to prevent division by zero.

8) AVERAGE SYMMETRIC SURFACE DISTANCE(ASSD)

The ASSD represents calculates the minimum Euclidean
distance between all points in the predicted surface point set
and the reference surface point set and then calculates the
average of all these distances, where 0 is the best value, and
infinity is the worst.

9) RELATIVE ABSOLUTE VOLUME DIFFERENCE (RAVD)

The RAVD calculates the relative coefficient of the nonover-
lapping portions of the predicted volume and the reference
volume, where 0% is the best value, and infinity is the worst.

10) JACCARD SIMILARITY COEFFICIENT(JACCARD)

The Jaccard similarity coefficient compares the elements of
two sets to determine which elements overlap and which do
not. This measures the similarity between two sets of data,
where 1.0 is the best value, and O is the worst.

11) CENTROID DISTANCE (CD)

The CD between sets A and B is the average distance between
the centroids of A and B. The CD is calculated by finding
the average pairwise distance between points within each set,
where 0 is the best value, and infinity is the worst.

12) DOSIMETRIC EVALUATION

We applied the automated reconstruction of source catheter
paths for the 10 test patients to the three-dimensional
postimplantation treatment planning system. We duplicated
the dwell positions and dwell times of each source
applicator from the original clinical plan and used the
original radioactive source activity to generate new test
plans. Finally, we identified the differences between the
dosimetric parameters of the two sets of plans. The compared
parameters included D90 (Gy) and D100 (Gy) for the
HR-CTV (high-risk tumor region) and IR-CTV (low-risk
tumor region), as well as V100 (%), V150 (%), and
V200 (%) for these regions. Additionally, we evaluated
DO0.1 cc, D1 cc, and D2 cc for the rectum, bladder, and
sigmoid colon. SPSS 19.0 software was used to perform
paired t tests to assess the differences between the two
sets of data.
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C. RESULTS

1) MODEL TRAINING RESULTS

After 25 epochs, the loss functions on the training and
validation sets converged to lower levels. After 200 epochs,
the training set loss decreased to 0.07, and the validation
set loss decreased to 0.1. The training set exhibited a DSC
of 0.93, while the validation set exhibited a DSC of 0.90,
indicating that the model learned the features of the source
applicators effectively. The total training time was 7 hours.
The loss curves for the training and validation sets during
the training process showed that the model converged after
200 epochs, as shown in Figure 2.
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FIGURE 3. A bar chart depicting the evaluation parameters of the four
source applicator models.

Figure 3 shows the comparison of the final evaluation
parameters for the four source applicator models trained
with 15, 20, 25, and 30 cases in the training set and
validation set. The Dice values for the left, middle, and right
applicators gradually increased as the number of training
and validation cases increased, and eventually stabilized. The
other evaluation parameters for the four different training
and validation sets varied for the three applicators. Based
on the comparison of the final evaluation results, the model
trained with 30 cases in the training set and validation set was
selected for further source applicator segmentation research.
Table 1 lists the specific values of the final evaluation
parameters for the source applicator models trained with
30 cases in the training set and validation set; the Dice
values are slightly lower for the left applicator and greater
for the middle and right applicators, averaging 0.91 and 0.89,
respectively.

The selected best trained model was used to segment
the 10 patients in the test set. Taking the first patient
as an example, the segmentation results of the source
applicator obtained by using this model are stronger, as shown
in Figure 4. Figure 5 illustrates the differences between
the 3D contours of the source applicator trained by the
model and the contours manually drawn by the experienced
physicist.
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TABLE 1. Model evaluation parameter results for the validation set (x(s)).

Roi dice hd95 assd ravd  jaccard ed |

Source L 0.81 7.60 0.58 28.39 0.68 5.84
0.02) (2.15) (0.19) (1.13)  (0.02) (3.97)

Source M 0.91 2.15 0.15 1.21 0.84 1.86
(0.01) (2.02) (0.09) (0.21) (0.02) (1.74)

Source R 0.89 2.17 0.23 9.60 0.80 2.70
0.03)  (2.04) (0.15) (638) (0.05) (2.30)

Mean 0.87 3.97 0.32 13.07 0.77 3.47
0.02)  (2.07)  (0.14)  (2.57)  (0.03)  (2.67)

FIGURE 4. Comparison of the applicator cross-sectional image predicted
by U-Net (blue) and the manual delineated (red) in patient 1.

The segmentation results for the test set of 10 patients
treated with metal cylinder applicators were satisfactory.
Compared to the applicator contours manually delineated
by experienced physicists, the average DSC for the left
applicator is 0.91, the HD95 is 0.80 mm, the ASSD is
0.22 mm, the MSSD is 5.06 mm, and the RAVD is 6.26 mm.
For the middle applicator, the average DSC is 0.90, the HD95
is 0.79 mm, the ASSD is 0.03 mm, the MSSD is 5.06 mm,
and the RAVD is 1.19 mm. Finally, for the right applicator,
the average DSC is 0.93, the HD95 is 0.79 mm, the ASSD is
0.20 mm, the MSSD is 5.06 mm, and the RAVD is 4.99 mm.
The CT segmentation prediction time for these cases ranged
from a minimum of 78 seconds to a maximum of 124 seconds,
with an average of 88 seconds. The specific numerical values
are provided in Tables 2, 3, and 4, and the corresponding bar
chart is shown in Figure 6.

2) DOSIMETRIC EVALUATION RESULTS

As shown in Table 5, when comparing the dose metrics of
the treatment plans reconstructed automatically by the model
with the original plans for 10 cervical cancer patients, the p
values (P) are all greater than 0.05. This indicates that the
source paths automatically reconstructed by this model are
reasonable and do not statistically significantly differ from
the source contours manually drawn by experienced physi-
cists. Detailed dose—volume histogram (DVH) comparisons
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TABLE 2. The left applicator evaluation parameters of 10 patients test
set.

Patient DSC HD95(mm) ASSD(mm) MSSD(mm)
Number
1 0.91 0.80 0.22 5.06
2 0.88 5.05 0.66 10.11
3 0.87 1.54 0.33 5
4 0.86 5.03 0.73 10.08
5 0.89 0.61 0.29 5.08
6 0.91 0.57 0.22 5.03
7 0.88 1.42 0.3 2.88
8 0.89 1.48 0.32 5.05
9 0.8 5 0.62 5.17
10 0.88 1.2 0.23 2.72
Mean 0.9 0.79 0.22 5.06

TABLE 3. The middle applicator evaluation parameters of 10 patients test
set.

Patient DSC HD95(mm) ASSD(mm)  MSSD(mm)
Number
Patient DSC HD95(mm) ASSD(mm) MSSD( mm )
Number

1 0.9 0.79 0.29 5.06

2 0.91 0.74 0.36 10.03

3 0.93 0.77 0.06 1.54

4 0.89 1.59 0.4 10.08

5 0.92 0.62 0.16 5.08

6 0.93 0.57 0.13 5

7 0.87 1.42 0.29 5.05

8 0.91 0.74 0.2 5.05

9 0.92 0.59 0.16 5.04

10 0.87 2.5 0.32 3.62

for one of the patients are provided in Figure 7, illustrating
minimal differences between the dose curves for organs at
risk and the target area.

3) DISCUSSION

In recent years, with the advancement of computer hardware,
deep learning has been gradually improved in various fields,
and different networks have been developed to solve various
problems [17], [18]. In 2015, Ronneberger et al. [19]
first introduced the U-Net, which is suitable for image
segmentation with small datasets. It is designed for pixel-
level classification and consists of an encoding and decoding
part, with feature fusion achieved through skip connections.
Due to its characteristics, U-Net has been widely applied
in the medical image segmentation field [20]. Therefore,
in this study, the U-Net network was chosen to combine
deep learning technology with brachytherapy, enabling the
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FIGURE 5. Comparison of the applicator 3d model predicted by U-Net
(blue) and the manual delineated (red) in patient 2.
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FIGURE 6. Bar chart of the evaluation parameters for the applicator test
set of the model.
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FIGURE 7. Comparison of DVH (Dose-Volume Histogram) for a cervical
cancer.

source applicators in treatment planning to be rapidly and
accurately reconstructed. This reduces the human errors

87620

TABLE 4. The right applicator evaluation parameters of 10 patients test
set.

Patient DSC HD95(mm) ASSD(mm) MSSD(mm
Number )
1 0.93 0.79 0.2 5.06
2 0.87 5.05 0.67 10.11
3 0.89 1.09 0.28 5.06
4 0.92 0.56 0.24 5.25
5 0.9 0.62 0.26 5.04
6 0.92 0.8 0.19 5
7 0.91 1 0.17 2.5
8 0.89 1.05 0.29 5.05
9 0.88 5 0.57 10
10 0.93 0.54 0.12 2.56
Mean 0.93 0.79 0.2 5.06

introduced by physicists during the reconstruction process,
resulting in more precise and convenient brachytherapy
planning and ultimately enabling better treatment for
patients.

Currently, limited research has been conducted on source
applicator segmentation in brachytherapy. Zhang et al. [21]
constructed an attention network and applied it to ultrasound-
guided high-dose-rate prostate brachytherapy, successfully
segmenting and locating the interstitial needles in ultra-
sound images. Zaffino et al. [15] used a three-dimensional
U-Net network to reconstruct interstitial needles in MRI-
guided cervical cancer brachytherapy, achieving a DSC
of approximately 0.6. In comparison to these studies, our
proposed method achieved a greater DSC. Furthermore,
considering the high frequency of use of the three-tube
source applicator at our institution, we specifically seg-
mented and reconstructed the three-tube source applica-
tor, improving the treatment effectiveness of our clinical
practice.

The importance of the source applicator as a connection
between the patient and the radiation source in brachytherapy
is self-evident. The source applicator reconstruction quality
plays a critical role in the entire treatment plan [22]. In this
study, we constructed a model based on the U-Net framework,
preprocessed CT images and ground truth maps and fed
them into the model to allow it to learn the features of the
source applicator. These learned features were subsequently
applied to new cases. Through multiple evaluations of
the model’s segmentation results, we demonstrated the
feasibility and reliability of this method, demonstrating
that it can quickly and accurately segment the source
applicator.

For 3D image-based brachytherapy (BT) in patients with
cervical cancer who underwent postoperative radiotherapy,
the dose calculation relies on the geometric accuracy of
the source positions relative to the target volume and
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TABLE 5. Comparison of original plans and plans with automatically
reconstructed applicator pathways for 10 cervical cancer patients
annotation: Post plan: plan after reconstruction of the source applicator
path.

Project  Paramete  Original plan  Post plan t P
IS valu  valu
e e
HR- D90(Gy)  690.04+39.1 673.53£37.7 134 021
CTV 7 1 8 1
DI00(Gy  449.57£71.8  433.82+52.6 1.45  0.18
) 31 54 6 0
V100(%)  88.59+4.388  87.22+3.93 1.28 023
0 2
V150(%)  53.15+£3.39 50.50+4.22 1.99  0.07
8 7
V200(%)  30.42+3.41 28.62+2.75 223 0.05
0 3
IR- D90(Gy)  482.95£50.9  483.50+67.5 - 0.93
CTV 9 4 0.08 4
6
DI100(Gy  291.92+47.8  274.73+56.3 1.04 032
) 4 2 6 3
V100(%)  63.13£8.95 60.79+9.73 1.26 023
3 8
V150(%)  33.27+£5.97 32.19+6.37 0.99 034
3 7
V200(%)  19.58+3.56 18.63+4.39 1.09 030
4 3
Rectu DO0.1cc 506.20+£92.7  499.50+102. 032  0.75
m 8 08 1 6
Dlcc 402.07487.2  404.15+104. - 0.89
9 79 013 2
9
D2cc 363.78+85.1 346.30+£943  0.75  0.46
6 4 8 8
Bladde  DO.lcc 638.90£97.7  611.56+944 394  0.11
r 6 4 1 3
Dlcc 525.81£79.9  505.03£75.9 449 0.24
6 7 6 1
D2cc 487.37+78.1  470.43+76.6  3.66  0.54
3 7 5 5
Sigmoi  DO.lcc 395.92+195.  347.57+167. 144  0.18
d colon 96 72 5 2
Dlcc 327.84+144.  268.71+124. 146  0.17
48 25 5 7
D2cc 301.724128.  244.48+110. 1.62  0.13
44 56 1 9

organs at risk (OAR). Due to the steep dose gradients
in BT, uncertainties in source applicator positioning and
reconstruction can lead to significant dose deviations
between the target and OAR [23], [24], [25]. It has been
demonstrated that a =3 mm displacement of tandem and
ovoid applicators or £4.5 mm uncertainties in applicator
reconstruction can result in dose variations of more than
10% in MRI-based BT for cervical cancer [26]. To minimize
reconstruction uncertainties, avoid inadvertent errors, and
achieve high precision and consistency, an automated source
applicator reconstruction method with high accuracy is
essential.

In our study, the automated source applicator reconstruc-
tion method based on the U-Net model achieved relatively
high accuracy. The source applicator segmentation took
only approximately 65 seconds, and the DSC accuracy
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reached 0.90. The selected model successfully segmented
all source applicator contours in the 10-test set, with Dice
values exceeding 0.9 and HD95 values less than 1 mm.
The proposed model also achieved favorable numerical
values on other evaluation parameters, illustrating the
high precision of the method used for source applicator
reconstruction.

Automating after-loading treatment plan development is
the future research direction. The planning process includes
organ delineation, source applicator reconstruction, dose
calculation, dose optimization, and plan evaluation [27].
We developed a after-loading treatment planning system
(TPS) plugin tool in C++ that automatically converts source
applicator contours into real source tube pathways. It can
also automatically delineate organs at risk and target areas.
The various dosimetric parameters of the automatically
generated source tube pathways did not significantly differ
(P > 0.05) from those of the manually planned pathways
in the planning system. This finding first suggests that the
proposed approach can be safely applied to three-dimensional
after-loading treatment planning systems by dosimetric
evaluation.

One of the limitations of this work is the relatively small
size of the dataset. This limitation arises from the limited
number of cervical cancer patients who underwent CT-
based brachytherapy at our clinic. Increasing the size of
the training dataset did not lead to a significantly improved
Dice coefficient. Additionally, deep learning methods tend
to benefit from larger datasets, which often yield improved
performance and generalization. Therefore, we plan to collect
more suitable image data in future research, and we expect
to thereby achieve more accurate and reliable segmentation
results.

The investigation into the automatic segmentation of metal
source applicators for cervical cancer patients using the U-
Net model offers valuable insights into model interpretability,
underscoring the importance of transparency in high-risk
medical imaging tasks. The U-Net’s architecture, with its skip
connections, promotes a degree of explainability by allowing
the examination of how low-level spatial details are integrated
with higher-level features for precise segmentation. Visu-
alization techniques reveal the model’s focus areas during
prediction, enhancing trust and facilitating fine-tuning. How-
ever, despite these advancements, interpretability limitations
persist. The complexity of deep learning models, including
U-Net, can lead to a lack of comprehensive understanding of
decision-making processes at each layer, particularly for non-
experts. Moreover, the study confronts specific challenges
inherent to the task, such as the high density and metallic
properties of the applicators, which may cause imaging arti-
facts, affecting interpretability and requiring additional post-
processing steps. Furthermore, the model might struggle with
variability in patient anatomy and imaging protocols, necessi-
tating large, diverse, and well-annotated datasets for optimal
performance. Addressing these limitations through continued
research on model explainability techniques and the devel-
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opment of more robust training strategies remains a crucial
area of focus to ensure the safe and effective implementation
of automated segmentation in cervical cancer treatment
planning.

To investigate the feasibility and accuracy of the proposed
method, we began our research with relatively simple
tandem and ovoid applicators. Therefore, this work can
be considered an initial exploration and a simple test.
Subsequent development and more comprehensive evaluation
will be necessary to extend the proposed method to more
challenging scenarios.

Il. CONCLUSION

In this study, deep learning was utilized through the
construction of a U-Net model and region growing to
examine applicator reconstruction in brachytherapy treatment
planning. The proposed model successfully segmented metal
tube applicators, automatically recognizing their position and
shape. The segmentation results were evaluated using various
metrics, and the applicators were automatically incorporated
into treatment planning software. The results demonstrated
that the model achieved good segmentation performance,
with favorable evaluation metric values. This approach is
suitable for applicator reconstruction in clinical practice, and
the resulting 3D brachytherapy plans can be preliminarily
applied in clinical treatment. This research provides a new
solution for applicator reconstruction in cervical cancer
brachytherapy and has potential for widespread clinical
adoption.

ACKNOWLEDGMENT

The authors thank MANTEIA for technical support. They
also thank American Journal Expert for help with language
editing.

REFERENCES

[1] F. Bray, J. Ferlay, I. Soerjomataram, R. L. Siegel, L. A. Torre, and
A. Jemal, “Global cancer statistics 2018: GLOBOCAN estimates of
incidence and mortality worldwide for 36 cancers in 185 countries,” CA
A Cancer J. Clinicians, vol. 68, no. 6, pp. 394-424, Nov. 2018, doi:
10.3322/caac.21492.

[2] World Health Organization (WHO). Human Papillomavirus (HPV) and
Cervical Cancer. Accessed: Dec. 11, 2023. [Online]. Available: https://
www.who.int/en/news-room/fact-sheets/detail/human-papillomavirus-
(hpv)-and-cervical-cancer

[3] C. Chargari, K. Tanderup, F. Planchamp, L. Chiva, P. Humphrey,
A. Sturdza, L. T. Tan, E. van der Steen-Banasik, I. Zapardiel, R. A. Nout,
and C. Fotopoulou, “ESGO/ESTRO quality indicators for radiation
therapy of cervical cancer,” Int. J. Gynecologic Cancer, vol. 33, no. 6,
pp. 862875, Jun. 2023, doi: 10.1136/ijgc-2022-004180.

[4] J. Chino, C. M. Annunziata, S. Beriwal, L. Bradfield, B. A. Erickson,
E.C. Fields, K. Fitch, M. M. Harkenrider, C.H. Holschneider,
M. Kamrava, E. Leung, L. L. Lin, J. S. Mayadev, M. Morcos,
C. Nwachukwu, D. Petereit, and A. N. Viswanathan, ‘“‘Radiation therapy
for cervical cancer: Executive summary of an ASTRO clinical practice
guideline,” Practical Radiat. Oncol., vol. 10, no. 4, pp.220-234,
Jul. 2020, doi: 10.1016/j.prro.2020.04.002.

[5] X. Di, H. Zhang, X. Liu, J. Zhao, Z. Gao, H. Yu, X. Su, Y. Liang,
and J. Wang, “A new technique for trans-perirectal iodine-125 seed
implantation in prostatic cancer guided by CT and 3D printed tem-
plate: Two case reports,” Frontiers Oncol., vol. 12, Oct. 2022, doi:
10.3389/fonc.2022.1031970.

87622

[6] J. Skowronek, “Current status of brachytherapy in cancer treatment—
Short overview,” J. Contemp. Brachytherapy, vol. 9, no. 6,
pp. 581-589, 2017, doi: 10.5114/jcb.2017.72607.

[7]1 A. E. Sturdza and J. Knoth, “Image-guided brachytherapy in cervical
cancer including fractionation,” Int. J. Gynecologic Cancer, vol. 32, no. 3,
pp. 273-280, Mar. 2022, doi: 10.1136/ijgc-2021-003056.

[8] H. Hu, Q. Yang, J. Li, P. Wang, B. Tang, X. Wang, and J. Lang, “Deep
learning applications in automatic segmentation and reconstruction in CT-
based cervix brachytherapy,” J. Contemp. Brachytherapy, vol. 13, no. 3,
pp. 325-330, 2021, doi: 10.5114/jcb.2021.106118.

[9] K. Liu, J. Zhou, X. Tian, C. Li, Y. Hou, J. Xie, and M. Song,
“Artificial intelligence in brachytherapy for cervical cancer,” J. Cancer
Res. Therapeutics, vol. 18, no. 5, p. 1241, 2022, doi: 10.4103/jcrt.
jert_2322 21.

[10] J. Z. Zhao, R. Ni, R. Chow, A. Rink, R. Weersink, J. Croke, and
S.Raman, “Artificial intelligence applications in brachytherapy: A
literature review,” Brachytherapy, vol. 22, no. 4, pp. 429-445, Jul. 2023,
doi: 10.1016/j.brachy.2023.04.003.

[11] S. Miller, J. Bews, and W. Kinsner, ‘“Brachytherapy cancer treat-
ment optimization using simulated annealing and artificial neural
networks,” in Proc. Can. Conf. Electr. Comput. Eng., vol. 1, 2001, doi:
10.1109/CCECE.2001.933760.

[12] D. Zhang, Z. Yang, S. Jiang, Z. Zhou, M. Meng, and W. Wang,
“Automatic segmentation and applicator reconstruction for CT-based
brachytherapy of cervical cancer using 3D convolutional neural networks,”
J. Appl. Clin. Med. Phys., vol. 21, no. 10, pp. 158-169, Oct. 2020, doi:
10.1002/acm?2.13024.

[13] A. A. Taha and A. Hanbury, “Metrics for evaluating 3D medical image
segmentation: Analysis, selection, and tool,” BMC Med. Imag., vol. 15,
no. 1, p. 29, Dec. 2015, doi: 10.1186/s12880-015-0068-x.

[14] F. Milletari, N. Navab, and S.-A. Ahmadi, “V-Net: Fully convolu-
tional neural networks for volumetric medical image segmentation,”
in Proc. 4th Int. Conf. 3D Vis. (3DV), Oct. 2016, pp. 565-571, doi:
10.1109/3DV.2016.79.

[15] P. Zaffino, G. Pernelle, A. Mastmeyer, A. Mehrtash, H. Zhang,
R. Kikinis, T. Kapur, and M. Francesca Spadea, “Fully automatic
catheter segmentation in MRI with 3D convolutional neural networks:
Application to MRI-guided gynecologic brachytherapy,” Phys. Med. Biol.,
vol. 64, no. 16, Aug. 2019, Art. no. 165008, doi: 10.1088/1361-6560/
ab2f47.

[16] H.-H. Chang, A. H. Zhuang, D. J. Valentino, and W.-C. Chu, ‘“Perfor-
mance measure characterization for evaluating NeuroImage segmentation
algorithms,” Neurolmage, vol. 47, no. 1, pp. 122-135, Aug. 2009, doi:
10.1016/j.neuroimage.2009.03.068.

[17] L. J. Isaksson, P. Summers, F. Mastroleo, G. Marvaso, G. Corrao,
M. G. Vincini, M. Zaffaroni, F. Ceci, G. Petralia, R. Orecchia, and
B. A. Jereczek-Fossa, “Automatic segmentation with deep learning in
radiotherapy,” Cancers, vol. 15, no. 17, p.4389, Sep. 2023, doi:
10.3390/cancers15174389.

[18] C. Janiesch, P. Zschech, and K. Heinrich, “Machine learning and deep
learning,” Electron. Markets, vol. 31, no. 3, pp. 685-695, Sep. 2021, doi:
10.1007/s12525-021-00475-2.

[19] O. Ronneberger, P. Fischer, and T. Brox, ““U-Net: Convolutional networks
for biomedical image segmentation,” in Medical Image Computing and
Computer-Assisted Intervention—MICCAI (Lecture Notes in Computer
Science, Lecture Notes in Artificial Intelligence and Lecture Notes in
Bioinformatics). Berlin, Germany: Springer, 2015, doi: 10.1007/978-3-
319-24574-4_28.

[20] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classification
with deep convolutional neural networks,” Commun. ACM, vol. 60, no. 6,
pp. 84-90, May 2017, doi: 10.1145/3065386.

[21] Y.Zhang, Y. Lei, R. L. J. Qiu, T. Wang, H. Wang, A. B. Jani, W. J. Curran,
P. Patel, T. Liu, and X. Yang, ‘“Multi-needle localization with attention
U-Net in U.S.-guided HDR prostate brachytherapy,” Med. Phys., vol. 47,
no. 7, pp. 2735-2745, Jul. 2020, doi: 10.1002/mp.14128.

[22] Brachytherapy Applicators & Accessories, Varian Med. Syst., Palo Alto,
CA, USA, 2018.

[23] T. P. Hellebust, C. Kirisits, D. Berger, J. Pérez-Calatayud,
M. De Brabandere, A. De Leeuw, I. Dumas, R. Hudej, G. Lowe, R. Wills,
and K. Tanderup, “Recommendations from gynaecological (GYN) GEC-
ESTRO working group: Considerations and pitfalls in commissioning and
applicator reconstruction in 3D image-based treatment planning of cervix
cancer brachytherapy,” Radiotherapy Oncol., vol. 96, no. 2, pp. 153-160,
Aug. 2010, doi: 10.1016/j.radonc.2010.06.004.

VOLUME 12, 2024


http://dx.doi.org/10.3322/caac.21492
http://dx.doi.org/10.1136/ijgc-2022-004180
http://dx.doi.org/10.1016/j.prro.2020.04.002
http://dx.doi.org/10.3389/fonc.2022.1031970
http://dx.doi.org/10.5114/jcb.2017.72607
http://dx.doi.org/10.1136/ijgc-2021-003056
http://dx.doi.org/10.5114/jcb.2021.106118
http://dx.doi.org/10.4103/jcrt.jcrt_2322_21
http://dx.doi.org/10.4103/jcrt.jcrt_2322_21
http://dx.doi.org/10.1016/j.brachy.2023.04.003
http://dx.doi.org/10.1109/CCECE.2001.933760
http://dx.doi.org/10.1002/acm2.13024
http://dx.doi.org/10.1186/s12880-015-0068-x
http://dx.doi.org/10.1109/3DV.2016.79
http://dx.doi.org/10.1088/1361-6560/ab2f47
http://dx.doi.org/10.1088/1361-6560/ab2f47
http://dx.doi.org/10.1016/j.neuroimage.2009.03.068
http://dx.doi.org/10.3390/cancers15174389
http://dx.doi.org/10.1007/s12525-021-00475-2
http://dx.doi.org/10.1007/978-3-319-24574-4_28
http://dx.doi.org/10.1007/978-3-319-24574-4_28
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1002/mp.14128
http://dx.doi.org/10.1016/j.radonc.2010.06.004

L. Qiu et al.: Automated Segmentation of After-Loaded Metal Source Applicators

IEEE Access

[24] A. A. C. De Leeuw, M. A. Moerland, C. Nomden, R. H. A. Tersteeg,
J. M. Roesink, and I. M. Jiirgenliemk-Schulz, “Applicator reconstruction
and applicator shifts in 3D MR-based PDR brachytherapy of cervical
cancer,” Radiotherapy Oncol., vol. 93, no. 2, pp. 341-346, Nov. 2009, doi:
10.1016/j.radonc.2009.05.003.

[25] K. Tanderup, T. P. Hellebust, S. Lang, J. Granfeldt, R. Pétter,
J. C. Lindegaard, and C. Kirisits, “Consequences of random and sys-
tematic reconstruction uncertainties in 3D image based brachytherapy
in cervical cancer,” Radiotherapy Oncol., vol. 89, no. 2, pp. 156-163,
Nov. 2008, doi: 10.1016/j.radonc.2008.06.010.

[26] J. Schindel, W. Zhang, S. K. Bhatia, W. Sun, and Y. Kim, “Dosimetric
impacts of applicator displacements and applicator reconstruction-
uncertainties on 3D image-guided brachytherapy for cervical can-
cer,” J. Contemp. Brachytherapy, vol. 4, pp.250-257, 2013, doi:
10.5114/jcb.2013.39453.

[27] A. Lekatou, V. Peppa, P. Karaiskos, E. Pantelis, and P. Papagiannis,
“On the potential of 2D ion chamber arrays for high-dose rate remote
afterloading brachytherapy quality assurance,” Phys. Med. Biol., vol. 67,
no. 8, Apr. 2022, Art. no. 085011, doi: 10.1088/1361-6560/ac612d.

LINGYUN QIU was born in Fuzhou, Jiangxi,
China. He received the Bachelor of Engineering
degree in biomedical engineering from the East
China University of Technology, in June 2011, and
the Master of Engineering degree in biomedical
engineering from South China University, in June
2014.

He has dedicated his career to the field of
radiotherapy and has been holding the position of
Radiotherapy Engineer with Zhejiang Provincial
People’s Hospital, since August 2014. His work has been marked by
significant contributions to clinical research, notably in the development
of intelligent radiotherapy organ delineation using deep reinforcement
learning artificial intelligence. His research endeavors have been supported
by prestigious programs, such as Zhejiang Basic Public Welfare Research
Program and Zhejiang Medical and Health Science and Technology Pro-
gram. In addition to his professional achievements, he has authored several
publications, including articles on 4D dosimetric evaluation technology for
moving tumor radiotherapy plans. His current research interests include
advancing radiotherapy treatment planning and the application of Al in
medical imaging.

RONG WU was born in Wuhu, Anhui, China,
in 1988. She received the B.S. degree in nursing
from the Southern Anhui Medical College.

She devoted his career to the field of traditional
Chinese medicine nursing and has been a Nurse
with Hangzhou Hospital of Traditional Chinese
Medicine, since August 2012.

VOLUME 12, 2024

XINPENG LIN was born in Hangzhou, Zhejiang,
China, in 2001. He received the bachelor’s degree
in applied physics from Hangzhou Medical Col-
lege, in June 2024.

During his undergraduate studies, he and his
supervisor conducted in-depth research on the
study on the reconstruction method of metal source
donors in the afterloading treatment of cervical
cancer based on the U-Net neural network and
achieved some very good results. He will go to
Wenzhou Medical University after his graduation as a Graduate Student in
biomedical engineering and continue to engage in the research of artificial
intelligence in biomedicine.

LIFENG QIU was born in Guigang, Guangxi,

China. She received the bachelor’s degree in

applied physics from Hangzhou Medical Col-

- lege, in June 2023. During her undergraduate

studies, she and her supervisor conducted in-

depth research on the four-dimensional dosimetry

evaluation of exercise-based tumor radiotherapy

programs and achieved some very good results.

' She has been working in the field of radiation

therapy since her graduation and is currently a

Radiation Therapy Technician with Guangxi Medical University Kaiyuan

Langdong Hospital. Her work has made significant contributions to clinical

research, particularly in psychological interventions for young children and

radiotherapy without anesthesia, as well as in the precise positioning and
administration of radiotherapy under the TOMO knife.

v

-

KAINAN SHAO was born in Tai’an, Shandong,
China. He received the Bachelor of Engineer-
ing and Ph.D. degrees in medical physics from
Zhejiang University, in 2007 and 2012, respec-
tively. From July 2014 to July 2023, he was
a Radiotherapy Physics Specialist with Zhejiang
Cancer Hospital. Since August 2023, he has
been a Radiotherapy Physics Specialist with the
Department of Radiotherapy, Zhejiang Provincial
People’s Hospital. He is a dedicated professional
in oncological radiotherapy with a strong background in medical physics.
He has also been the Principal Investigator of the “Semi-Automatic
Management Toolset for Radiotherapy Planning Based on RayStation
Platform” Project funded by Zhejiang Provincial Medical and Health
Science and Technology Plan, which has been completed. With extensive
knowledge and experience in radiotherapy physics, he has made significant
contributions to the advancement of oncological treatment through his
commitment to research and clinical practice, thereby enhancing patient care
in radiotherapy.

WENMING ZHAN was born in Taizhou, Zhe-
jiang, China. He received the degree in nuclear
engineering and technology from Nanhua Univer-
sity.

Since August 2007, he has been with the Radio-
therapy Department, Zhejiang Provincial People’s
Hospital. With over a decade of experience in the
field, he specializes in radiotherapy physics, focus-
ing on tumor radiotherapy dosimetry, radiation
dose measurement, and intensity-modulated radio-
therapy technology. He has been recognized for his expertise. He has served
as a Committee Member for various professional organizations, including
Zhejiang Provincial Anti-Cancer Association, the Chinese Biomedical
Engineering Society, and Zhejiang Provincial Biomedical Society.

87623


http://dx.doi.org/10.1016/j.radonc.2009.05.003
http://dx.doi.org/10.1016/j.radonc.2008.06.010
http://dx.doi.org/10.5114/jcb.2013.39453
http://dx.doi.org/10.1088/1361-6560/ac612d

IEEE Access

L. Qiu et al.: Automated Segmentation of After-Loaded Metal Source Applicators

QIANG LI was born in Tai’an, Shandong, China.
He received the bachelor’s degree in medical imag-
ing and the master’s degree in radiology medicine
from Shandong First Medical University, in July
2008 and July 2019, respectively. He devoted
his career to the field of radiation therapy and
has been a Radiation Therapist with Zhejiang
Provincial People’s Hospital, since August 2008.
His work has made significant contributions to
clinical research, particularly in improving the
accuracy of radiotherapy through the use of new technologies such as
respiratory gating and stereotactic radiotherapy. He has participated in
multiple projects, such as Zhejiang Provincial Natural Science Foundation
and Zhejiang Provincial Medical and Health Science and Technology Plan.

JIENI DING was born in Shaoxing, Zhejiang,
China, in 1999. She received the bachelor’s
degree in applied physics from Hangzhou Medical
College, in June 2022. During her undergraduate
internship, she worked with her mentor on research
related to dosimetry and lung volume change in
left breast cancer deep inspiratory breath holding
with an optical body surface positioning system,
achieving certain results. After graduation, she has
been continuously engaged in radiotherapy work
and currently holds the position of a Medical Physicist with the Radiotherapy
Department, Zhejiang Provincial People’s Hospital. Her job involves design-
ing treatment plans to ensure the safety of patients undergoing radiotherapy,
allowing them to safely receive precise radiotherapy. In addition, she also
participates in the daily checks of the treatment equipment to ensure its
stability, accuracy, and safety.

87624

YUCHENG LI was born in Zaozhuang, Shandong,
China. He received the master’s degree from the
University of South China. He primarily special-
izes in the fields of artificial intelligence and
oncological radiotherapy. He is currently a Radio-
therapy Physics Specialist with the Department
of Radiotherapy, Zhejiang Provincial People’s
Hospital. He is also a Committee Member of
the Radiotherapy Physics Technical Group under
Zhejiang Provincial Anti-Cancer Association and
the Young Committee Member of the Tumor Radioactive Particle and
Nutrition Intelligent Diagnosis and Treatment Special Committee under
Zhejiang Provincial Mathematical Medicine Society. With three SCI papers
published, he was awarded First Prize in the Planning Competition held
by Zhejiang Provincial Anti-Cancer Association’s Radiotherapy Physics
Technology Association, in 2022.

WEHDUN CHEN was born in Fenghua, Zhejiang,
China. He received the Bachelor of Engineering
degree from South China University, Hengyang,
Hunan, China, in July 2000, the Bachelor of
Medicine degree from Wenzhou Medical College,
Wenzhou, Zhejiang, China, in June 2010, and the
Master of Engineering degree in lower-cased field
of study from Tsinghua University, Beijing, China,
in January 2011.

| He has established himself as a leading figure
in the field of radiotherapy. He has accrued extensive experience in
radiotherapy, beginning his career as the Deputy Director of the Radiotherapy
Physics Department, Zhejiang Cancer Hospital, from August 2000 to July
2017. Since August 2017, he has been the Deputy Director and a Senior
Radiotherapy Engineer with Zhejiang Provincial People’s Hospital. His
research has been influential, with his work on “Intelligent Delineation
of Organs at Risk in Radiotherapy using Deep Reinforcement Learning
AI” and “4D Dosimetric Evaluation Technology for Moving Tumor
Radiotherapy Plans” being recognized by Zhejiang Basic Public Welfare
Research Program and Zhejiang Medical and Health Science and Technology
Program. He has also completed a significant study on ‘““Correlation Between
Radioactive Brain Injury after Nasopharyngeal Carcinoma Radiotherapy and
the Volume Dose of Irradiated Brain Tissue.”

Mr. Chen is actively involved in professional societies and has been
recognized with numerous awards for his contributions to the field. His
commitment to advancing radiotherapy and medical engineering is evident
through his service on various committees and publications.

VOLUME 12, 2024



