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Abstract 
Objective The automation of brachytherapy is the direction of future devel-
opment. This article retrospectively studied the application of deep learning in 
brachytherapy of cervical cancer and clarified the status quo of development. 
Method This survey reviewed the application of machine learning and deep 
learning in brachytherapy for cervical cancer in the past 10 years. The survey 
retrieved and reviewed electronic journal articles in scientific databases such as 
Google Scholar and IEEE. The three sets of keywords used 1) deep learning, 
brachytherapy, 2) machine learning, brachytherapy, 3) automation, brachy-
therapy. Results Through research on the application of deep learning in bra-
chytherapy, it is found that the U-net model is basically based on convolution-
al neural networks or some attention mechanisms are added to it, and it is ap-
plied to brachytherapy of prostate or cervical cancer. The automatic segmenta-
tion and reconstruction of the mid-source applicator (interpolation needle), 
target area delineation, optimization in the treatment planning system and 
dose calculation have achieved good results, proving that deep learning can be 
applied to the clinical treatment of brachytherapy. Conclusion The research 
on the application of deep learning in brachytherapy confirmed that deep 
learning can effectively promote the development of brachytherapy. 
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1. Introduction 

Brachytherapy technology is a method of placing a radioactive source into the 
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tumor area through an applicator or directly implanting it into the tumor tissue 
for radiotherapy. Because of its inherent physical and biological characteristics, 
brachytherapy can give a high absorbed dose to the focused irradiation of the 
tumor, and the dose around the source drops rapidly, which can effectively in-
crease the local irradiation of the tumor and protect the normal tissue around 
the tumor. The local control rate and survival rate have significantly reduced the 
complications associated with brachytherapy. When the patient moves or the 
tumor moves in the body, the relative position of the radiation source and the 
tumor can remain unchanged, and the tumor obtains high dose conformity. 
These advantages make brachytherapy widely used in clinical applications, often 
used in the cervix and uterus. The treatment of tumors in the body, vagina, na-
sopharynx, esophagus, rectum, breast, prostate, skin and other parts is also ap-
plicable to the treatment of tumors in many other parts [1] [2] [3].  

The basic procedures of brachytherapy include: target area delineation, appli-
cator reconstruction, dose calculation and dose optimization [4]. The specific 
process is shown in Figure 1. This review revolves around the brachytherapy 
process. 

In recent years, with the development of computer hardware, the rapid calcu-
lation and innovation of large amounts of data and neural network algorithms 
brought by social digitization, deep learning technology has developed rapidly, 
and deep learning has also gradually emerged in the medical field [5] mainly ap-
plied in the following aspects: organ delineation, applicator reconstruction, 
dose calculation and treatment planning system [6] [7] [8]. How to closely in-
tegrate emerging deep learning with traditional brachytherapy technology to 
promote the development of three-dimensional brachytherapy technology is 
the problem considered in this article, but also provides a broader perspective 
in this field and finds new problems. This article reviews the application of deep 
learning in the brachytherapy automation process [9], which is reported as fol-
lows.  

2. Organ Delineation and Segmentation 

In brachytherapy, organ delineation and segmentation undoubtedly play an im-
portant role in the treatment plan. The patient performs layer-by-layer scanning 
through CT or MRI to obtain multiple medical images [10]. The doctor sketches 
the primary target area, the medium-risk target area and the organs at risk ac-
cording to the patient’s condition. In clinical practice, manual sketching is still 
the main method. However, there are hundreds of CT images of a single patient, 
which is a lot of work for doctors. The automatic segmentation of the target area 
of medical images also plays an increasingly important role in helping doctors 
delineate tumor areas and endanger organs. Many segmentation methods have 
been developed, and the effects are different according to the type of application 
and the image studied. Now some of them have mature segmentation methods 
integrated in commercial treatment planning system [6].  
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Figure 1. The basic procedures of brachytherapy. 
 

Derek Allman [11] et al. used convolutional neural networks in 2018 to locate 
and classify the sources and artifacts in the K-wave simulation formation data. 
The experimental results show that, unlike geometry-based beamforming, the 
use of convolutional neural networks can be effective to eliminate metal artifacts 
in the image. In 2018, Xia Huang [12] et al. constructed a convolutional neural 
network and combined residual learning to eliminate metal artifacts on CT im-
ages. The final signal-to-noise ratio on the test set was 38.09. In 2019, Davood 
Karimi [13] et al. used Convolutional Neural Networks (CNN) to develop an 
automated accurate and stable segmentation method for the clinical target vo-
lume of transrectal ultrasound imaging of the prostate in brachytherapy, and 
proposed two different strategies to Improving the accuracy of image segmenta-
tion, research shows that this method can significantly improve the performance 
of medical image segmentation. Yang Lei [14] et al. built the supervised learning 
model V-net in 2019 to complete the segmentation of the prostate in the ultra-
sound image, and marked the prostate tissue through deep supervised learning. 
Finally, the segmented prostate volume is reconstructed and refined through 
contours. Experiments prove that the proposed technique can be used for the 
diagnosis and treatment of the prostate. The results show that the Days similari-
ty coefficient, Hausdorff distance, and average surface distance of prostate seg-
mentation are 0.92, 3.94, and 0.60, respectively. Nathan Orlando [15] et al. com-
pleted the automatic segmentation of the prostate in ultrasound-guided prostate 
cancer by constructing U-net and V-net networks in 2020, proving that the con-
structed model achieved good results in segmentation, and the evaluation para-
meters all indicated that the segmentation effect was better good. Qin Nannan 
[16] et al. completed the automatic delineation of clinical target areas and en-
dangered organs in brachytherapy of cervical cancer by building a U-net net-
work in 2020. The average value of the Dess similarity coefficient of the auto-
matically delineated target area is 0.898, Hausdorff distance. The average value is 
within 5.3 mm, which proves that it can be used in clinic and can greatly im-
prove the efficiency of doctors.  

3. Segmentation and Reconstruction of the Applicator  
(Interstitial Needles) 

The applicators serve as a bridge between the radiation source and the patient in 
brachytherapy, and are extremely important in brachytherapy. Due to the dif-
ference in density and patient tissue, highlight features are displayed on the CT 
image. In the formulation of the treatment plan, it is especially important to re-
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construct the contour of the applicator. The subsequent source distribution and 
dose optimization are all based on the accurate reconstruction of the applicator. 
Deep learning and reconstruction of the applicator are also the direction of de-
velopment at this stage. Nlls Gessert [17] et al. built a deep learning model based 
on spatial continuity in 2019 to estimate the position of the tip when the inter-
polation needle is inserted, to solve problems in clinical applications, and proved 
that this model can also be used to adjust the position of the calibration interpo-
lation needle. The relationship coefficient is 0.9997, which is significantly better 
than other methods. In 2019, William T. Hrinivich [18] et al. reconstructed the 
reconstruction of ring-shaped applicators and oval applicators in MRI-guided 
cervical cancer through a model-to-image registration algorithm, proving that 
the accuracy and time of the algorithm fully meet the clinical needs and make 
treatment The automation of the plan is a step forward. Hyunuk Jung [19] [20] 
et al. completed the segmentation of the applicator in high-dose cervical cancer 
by constructing a U-net network, and then generated the trajectory of the appli-
cator through the voxel clustering algorithm to complete the reconstruction of 
the applicator, and The model was evaluated using Hausdorff distance, Days si-
milarity coefficient, and the average difference in needle tip positions. On the 
basis of this work, the segmentation and reconstruction of the interpolation 
needle in brachytherapy for cervical cancer were also studied by the same algo-
rithm. Experiments have proved that the reconstruction of interpolation needles 
and applicators in brachytherapy for cervical cancer is of great help to the clinic. 
Paolo Zaffino [21] et al. proposed an algorithm based on Convolutional Neural 
Network (CNN) in 2019 for fully automatic segmentation of multiple closely 
spaced applicators in nuclear magnetic images. The average error distance of the 
final segmentation is 2.0 ± 3.4 mm, the proportion of false positive and false 
negative applicators were 6.7% and 1.5%, respectively. By combining Attention 
gate and U-net in 2020, Xianjin Dai [22] et al. used a total variation (TV) regula-
rization to construct a model to complete the detection and reconstruction of 
interpolation needles in brachytherapy for prostate cancer with high dose rate 
MRI, and evaluate the model through tip deviation and movement deviation. 
Yupei Zhang [23] et al. studied the reconstruction of the position of interpola-
tion needles in prostate cancer guided by ultrasound images through the com-
bination of U-net network and attention in 2020. Similar to the work of Xianjin 
Dai, they are all interpolation needles for brachytherapy of prostate cancer. For 
positioning and reconstruction, the only difference is that the ultrasound and 
MRI guided images are reconstructed separately, and the reconstruction results 
are good enough to meet the clinical needs. Fuyue Wang [24] et al. also applied 
the automatic segmentation of interpolation needles in brachytherapy of pros-
tate cancer by constructing U-net network in 2020, and proved that the model 
can accurately reconstruct the trajectory of interpolation needles. 

In the past two or three years, great attention has been paid to target area de-
lineation and applicator reconstruction. Different network models have also 
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been constructed for reconstruction of applicators or interpolation pins. How-
ever, the change is inseparable, basically based on the idea of deep learning, us-
ing U-net network or its variants to reconstruct or segment the applicator. Tar-
get area sketching is also done using supervised neural networks. 

4. Dose Calculation 

Deep learning has not done much research on dose calculation. It is still rela-
tively blank at this stage, but dose calculation is an important step in brachythe-
rapy, and further research is needed [25].  

Marc Morcos [26] et al. calculated and studied the dose of nuclear magneti-
cally guided brachytherapy for cervical cancer based on Monte Carlo in 2020, 
and evaluated the effect of different rotation angles on the intensity-modulated 
radiotherapy on the dose, laid the foundation for the treatment of complex cer-
vical cancer by intensity modulated radiotherapy. In 2020, Ximeng Mao [27] et 
al. built a fast brachytherapy deep learning model through convolutional neural 
networks for dose calculation in brachytherapy planning. The results show that 
the accuracy is similar to the results obtained by the Monte Carlo algorithm, but 
the calculation speed is much faster and can be extended to other tumor sites. 

5. Application of Treatment Planning System 

The treatment plan is formulated by the physicist by the treatment planning 
system. Many semi-automatic or fully automatic treatment planning systems 
have been developed to improve the quality of treatment planning while reduc-
ing planning time. Some of them have been integrated and successfully tested in 
commerce. Therefore, deep learning methods are also suitable for the automa-
tion of treatment planning [6]. In 2011, Timmy Siauw [28] et al. proposed an 
optimization model and fast heuristic algorithm for calculating HDR brachythe-
rapy dose planning, inverse planning (IPIP), and evaluated the measured dose 
and compared it with the standard dose. Studies have shown that the prostate 
dose obtained by the algorithm used in this study has clinical significance. C 
Guthier [29] et al. studied a reverse planning for low-dose-rate brachytherapy in 
2015, applied the idea of compressed sensing, developed a reverse planning algo-
rithm, and optimized it to adapt this algorithm to the current best reverse Algo-
rithms are compared and faster. The algorithm can also effectively reduce the 
cost of intervention. Alexandru Nicolae [30] et al. 2016 used machine learning 
algorithms to automatically generate a low dose rate brachytherapy plan for the 
prostate, and compared the pre- and post-implantation treatment plans gener-
ated by the machine learning algorithm with the plans made by the physicist. 
The results showed that the machine-generated plans quality was same with the 
plan made by the physicist, but it can reduce the planning time and resources. In 
2019, Chenyang Shen [31] et al. developed a weight adjustment strategy network 
based on reverse optimization after high-dose-rate cervical cancer in order to 
observe the planned dose volume histogram and adjust the organ weighting fac-
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tor in real time. The experimental results prove that the quality is improved by 
10.7% compared to the plan made by the physicist. Maryam Golshan [32] et al. 
built a model through convolutional neural networks in 2019 to complete the 
automatic detection of seeds in brachytherapy under the guidance of 
three-dimensional ultrasound images. The results show that the estimated time 
for each needle is 1 minute, and the total time is less than 15 minutes. Compared 
with manual, the model obtained higher accuracy. By 2020, Alexandru Nicolae 
[33] et al. randomly compared the treatment plan based on machine learning 
with the traditional manual treatment plan to evaluate the total planning time 
between the two groups and the dose measurement results after 30 days of im-
plantation, compared with the traditional Manual planning has a great advan-
tage in the time of treatment planning based on machine learning. 

6. Others 

In addition to the application of deep learning technology in the above aspects 
[34], some scholars have also conducted a series of studies in toxicity prediction 
and other aspects. Several research centers have confirmed the value of machine 
learning methods in prediction, and now have used deep learning to study the 
toxicity of lungs, prostate, etc. In 2017, Xin Zhen [34] et al. study on the predic-
tion of rectal toxicity in cervical cancer radiotherapy based on transfer learning 
deep convolutional neural network. Convolutional neural network was used to 
analyze rectal dose distribution and predict rectal toxicity. 42 patients were col-
lected and overcome by transfer learning for quantity problems, training on 
VGG-16, fine-tuning of the patient’s rectal display dose map, and comparison 
with traditional dose volume parameters, studies have shown that pre-trained 
CNN can simulate rectal dose distribution and predict rectal toxicity after cer-
vical cancer radiotherapy. There are also some studies on the prediction of the 
survival rate of deep learning in the next 5 years. 

In terms of toxicity research, the application of deep learning is not so exten-
sive for the time being. Future research areas in this area have better prospects. 
Of course, there are other areas worthy of improvement. 

7. Conclusions 

From the above, we can see that deep learning is becoming more and more 
widely used in brachytherapy, especially in the treatment of cervical cancer and 
prostate cancer has been widely developed. Often focusing on target area deline-
ation, applicator reconstruction, radiotherapy planning system and dose calcula-
tion, etc., it provides new assistance for improving the clinical treatment effect 
and the automation of the treatment planning system. 

The automation of the brachytherapy plan is one of the future development 
directions. It is worthwhile to conduct a series of studies to construct different 
networks through deep learning to solve the problems in brachytherapy. At this 
stage, target area delineation and applicator reconstruction are both moving in 

https://doi.org/10.4236/oalib.1106589


H. Hu et al. 
 

 

DOI: 10.4236/oalib.1106589 7 Open Access Library Journal 
 

the direction of automation. Future dose calculation and dose optimization are 
also worthy of attention. 
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