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Abstract 
Introduction: Several studies have implemented deep learning (DL) based fluence-

map-predictions for Intensity Modulated Radiation Therapy (IMRT) treatment 

planning. However, DL-based Volumetric Modulated Arc Therapy (VMAT) 

planning remains a challenging problem. One of the main difficulties in DL-based 

VMAT planning is the conversion/generation of leaf sequences from the predicted 

fluence intensity maps. Leaf sequences are required for a large number of control 

points, and they also need to meet physical restrictions of the multi-leave collimator 

(MLC). This study aims to improve the performance of a DL-based automated 

VMAT planning algorithm by generating MLC leaf sequences from predicted 

intensity maps using differentiated threshold levels. Based on this study, we 

developed an algorithm to convert DL-predicted intensity maps to multi-segment 

VMAT plans to improve the performance of these one-arc plans. 

Methods: Our deep learning model utilizes a series of 2D projections of a patient’s 

anatomy and contour structures to generate dynamic MLC sequences with 7-8 

segments in a VMAT plan. The backbone of this model is a novel U-net 

implementation that has a 4-resolution-step analysis path and a 4-resolution-step 

synthesis path. In the DL model, a total of 131 patients were involved, with 120 

patients in the training and 11 patients in the testing groups, respectively. These 

patients were prescribed with 70Gy/58.8 Gy to the primary/boost PTVs in 28 

fractions in a simultaneous integrated boost (SIB) regime. In this study, the predicted 
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intensity maps are separated into 7-8 segments along the collimator angle. Hence, the 

arcs could separately simulate predicted intensity maps with independent weight 

factors. This separation also potentially allows MLC leaves to simulate more dose 

gradient in the predicted intensity maps. 

Results: After dose normalization (PTV70 V70Gy=95%), all 11 multi-segment test 

plans met institutional clinic guidelines of dose distribution outside PTV. Bladder 

(V70Gy=5.3±3.3cc, V40Gy=16.1±8.6%) and rectum (V70Gy=4.5±2.3cc, 

V40Gy=33.4±8.1%) results in multi-segment plans were encouraging compared with 

one-arc plans generated by U-Net prediction. 3D max dose results in plans 

(D1cc=112.6±1.9%) were comparable to one-arc plans (D1cc=106.7±0.8%). On average, 

our algorithm used 600 seconds for a plan generation in contrast to the current 

clinical practice (>20 minutes). 

Conclusion: Results suggest that multi-segment plans can generate a prostate VMAT 

plan with clinically acceptable dosimetric quality. The proposed multi-segment plan 

generation algorithm has the capability to achieve higher modulation and lower 

maximum dose. With its high efficiency, this technique may hold great potentials for 

a real-time planning application in future implementation. 

Keywords: real-time planning, deep learning, treatment planning  
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1. Introduction  
2020 WHO annual report1 states that cancer has become the second leading 

cause of death in the world, accounting for approximately 1/6 of death globally.  

Various treatment technologies, such as surgery, radiation therapy, chemotherapy, 

immunotherapy, gene therapy, were invented and applied since the 20th century. 

Many researchers have been making explorations continuously in this field. At 

present, among all these treatment modalities, external beam radiation therapy 

(EBRT) is one of the most commonly adopted modalities for cancer treatment. 

According to a report in 2017, EBRT takes up to more than 50% of all the cancer 

treatment in developed countries and is playing a more and more important role in 

developing countries2. The major task of EBRT is to lower the dose delivered to the 

organ at risk and ensure there is enough dose delivered to the tumor volume. In 

order to satisfy this goal, several treatment techniques have been emerging during 

the past few decades, including Three-Dimensional Conformal Radiation Therapy 

(3D-CRT), Intensity-Modulated Radiation Therapy (IMRT), and Volumetric 

Modulated Arc Therapy (VMAT)3. Due to the essence of dynamic leaf sequence and 

continuous beam delivery of the VMAT, the design of patient-specific treatment in 

the current clinic workflow requires a lot of time and computational power. The 

design of the plans requires extensive effort from the planners and the oncologists, 

and the quality of the resultant plans depends on planners' and oncologists’ personal 

experience to a great extent, and it may take a long time to modify and re-calculate 

the VMAT plan. Therefore, despite the high efficiency of dose delivery and good 
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dose distribution, the overall efficiency of VMAT still needs to be improved. Many 

research and efforts have been carried out to solve the vital problem. In recent years, 

with the fast development of artificial intelligence, 3D dose predictions for 

radiotherapy.4,5 were considered as a promising technique for carrying out inverse 

planning with higher efficiency. Additionally, several recent studies tried to generate 

MLC sequences directly from the input dose distributions or DVH statistics and have 

got really encouraging outcomes6,7. However, inverse optimization and manual fine-

tuning of the plan are still needed as post-processing to reach a deliverable plan. 

Therefore, a highly automated treatment planning algorithm has not yet been 

realized. In this study, we proposed an innovative work that separates the predicted 

fluence intensity map into multiple segments that cover different PTV regions of SIB 

treatment. In this prostate VMAT planning application study, the developed multi-

segment VMAT plans meet the clinical standards with fully automated 

implementation and high execution efficiency.  The proposed multi-segment VMAT 

plan generation algorithm has the potentials to achieve higher modulation and lower 

maximum dose. 

1.1 Volumetric Modulated Arc Therapy 

VMAT is an advanced radiation therapy technique that is capable of 

generating plans with highly conformal dose distributions. The completion of this 

concept also went through an evolution process. It is Yu8 that first developed an 

intensity-modulated arc therapy (IMAT) technique that uses the MLC to dynamically 

shape the fields and rotate the gantry in the arc therapy mode. However, due to its 
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constant linac dose rate during the delivery, it would take several arcs to deliver the 

dose if the dose distribution is complex at one gantry angle. Therefore, many efforts 

have been made to find optional dose rate rotational delivery methods. To meet the 

requirements of the dose delivery technique above, The TPS need to compute the 

dose by sampling the delivery at a large number of gantry angles, which also brings 

a big problem for the TPS to optimize the MLC leaf motion with many parameters 

and the physical constraint of MLC leaves.  In 2007, Otto3 first put forward an 

optimizing method called progressive sampling. This improvement in the 

optimization method has been made possible by using only one arc for VMAT plans, 

which significantly reduced the time required for VMAT delivery. 

The "progressive sampling technique" is as shown in Otto's introductory 

paper3. Figure 1 displays an example of how progressive sampling is used to 

optimize a VMAT delivery. The gantry angle, dose distribution, and the physical 

constraint of leaf motion are the parameters and restrictions for optimization. In this 

approach, the arc is subdivided into a small number of gantry angle samples, whose 

beam shapes or intensities are varied during the first iterations of the optimization. 

There are few restrictions on MLC leaf position for these fields since the initial 

samples are far apart. After several iterations, a new arc sample is added with a field 

shape interpolated between the first two samples (e.g., Figure 1b), and optimization 

continues. After more iterations, another new arc sample is added in the same 

fashion midway between samples 2 and 3. This process continues until the gantry 
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angle sampling meets the desired standard.

 

Figure 1: Progressive sampling for VMAT planning9 

Several preliminary studies have demonstrated equivalent dosimetric quality 

is adequately sampled (every 2 degrees).10-12 In treatment sites with a relatively 

simple geometry like the prostate, the VMAT outperformed the other two 

techniques.11 With equivalent treatment quality and higher delivery efficiency, 

VMAT soon gained popularity in clinical practices.  

 

1.2 Simultaneous Integrated boost technique and its 
application on VMAT 

The simultaneous boost technique13 in radiotherapy consists of delivering the 

boost treatment (additional doses to reduced volumes) simultaneously with the 

primary (large-field) treatment (primary PTV) for all treatment sessions. In the early 

days, when the traditional EBRT technique was the most popular, boost fields are 

combined with the large fields over the whole treatment time. The boost dose is 

delivered simultaneously (i.e., or within the same few minutes) with the large-field 

dose for all fractions. Suppose in the original technique, the large-field technique 

consists of two opposing open fields, and the subsequent boost dose is given with 
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two angled beams with wedges. In that case, four fields will be used for each 

treatment session in the simultaneous boost technique by combining the two open 

fields and the two wedged fields with appropriate weighting factors. By applying 

this technique, the total dose delivered by the large fields will be spread over all 

fractions, and a smaller dose per fraction can be used. 

The Simultaneous Integrated Boost (SIB) technique becomes more and more 

popular when modern radiation therapy techniques were involved. The ever-

growing computational power also promoted its development in the radiation 

therapy field. Several studies explored the SIB technique's application on different 

regions and treatment techniques14-16.  

The delivery efficiency of VMAT makes it especially appealing for clinical 

practices. In particular, the total delivery time of a one-arc VMAT plan is less than 

five minutes3. This fast implementation could alleviate the timing stress caused by 

stringent requirements for patient positioning and image guidance of the current 

EBRT practice. Several trials have been made to evaluate the performance of VMAT 

on delivering the SIB technique, and most of them got positive and promising 

outcomes17-19.  

1.3 Methods for realizing automated planning 

 Though the VMAT-SIB technique has a great potential to be a highly effective 

method for fast dose delivery, it cannot be dismissed that it would take a long time 

for physicians and physicists to design a highly conformal treatment plan. A large 

number of control points and the time-consuming inverse-planning process would 
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take up around 20-30 minutes to make a clinical plan that meets all the standards. 

Knowledge-based planning20-21 (KBP) and artificial intelligence (AI) technologies are 

introduced into RT treatment planning to accelerate the process. 

 As we can see from its name, knowledge-based planning involves extracting 

planning knowledge from prior plans to facilitate the design of new plans. Key 

anatomical and dosimetric features such as OAR volumes and their dose-volume 

statistics are computed as references, and a machine learning model is used to 

predict the optimization objectives of the new patient’s plan.   

Due to the burst of development in Artificial Intelligence, researchers are 

finding solutions for problems that seem impossible to solve in the past, including 

Natural Linguistic Processing (NLP) and the automation of many manual tasks. AI 

has quickly found its application in the medical field. Several deep learning models 

for segmentation or diagnosis have shown good efficiency and accuracy.22-24 For 

example, AI-based algorithms have outperformed experienced physicians on finding 

and recognizing lung nodules25. And this emerging technology has also been 

incorporated in the daily quality assurance (QA) procedures in radiation oncology26-

27. It is also playing a more and more important role in generating RT plans. Several 

examples of the application of deep learning in treatment planning are summarized 

below. 

Nguyen et al. reported a U-Net-based model for dose distribution prediction 

of prostate IMRT.4 The resultant dose distributions are shown to be able to guide the 

optimization process. Another recent work has demonstrated the efficacy of novel 
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deep learning architecture, DoseNet, for prostate SBRT dose prediction.26 Besides 

dose prediction, IMRT fluence map prediction is another research area that has 

gained increasing popularity. Lee et al. developed a deep neural network to generate 

fluence maps directly from the organ contour and dose distribution, eliminating the 

time-consuming inverse planning process.27 In addition, there are new proposed 

integrated models with high automation to perform treatment planning 

automatically28-34.  

1.4 Innovation and Impact 

This study proposes a novel multi-segmented leaf sequencing algorithm to 

contribute to AI-based automatic prostate treatment planning. The algorithm has 

demonstrated encouraging dosimetric outcomes in test cases. Future studies will 

further explore more leaf sequencing possibilities to improve VMAT plan quality.  

1.5 Research Objectives 

In the previous study6, a one-arc delivery method was introduced. Due to the 

stochastics in DL network training, the predicted intensity maps do not necessarily 

meet all physical limitations of MLC, which was implied in the training ground 

truth. Additionally, dose gradients, an important feature in the SIB cases, are often 

missed or misplaced in the generated one-arc plans, which means the dose fall-off 

between the boosted PTV and primary PTV cannot be reflected accurately.  In clinical 

cases, if a patient’s seminal vesicle is large, directly applying the MLC aperture of the 

one-arc plans would lead to a lack of dose in PTV58.8 areas. In this study, multiple 

segments with the same collimator angle simulate the predicted intensity maps by 
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assigning different beam weight values to each segment. This study may facilitate 

the balance of target coverage and OAR sparing, thus improving plan quality.  



9 

 

2. Materials and Methods 
2.1 Materials 

The dataset consisted of 131 anonymized patient plans, with 120 patients in 

the training group and 11 patients in the testing groups, respectively. These patients 

were prescribed 70Gy/58.8Gy to the primary/boost PTVs in 28 fractions in a 

simultaneous integrated boost (SIB) regime. In this study, PTV70 was defined as the 

prostate volume plus 5mm margin, and PTV58.8 was defined as the sum of prostate 

and seminal vesicles with a 5mm margin. In the plan quality analysis, we took 

rectum and bladder as our OARs. 

In this study, treatment planning was performed using EclipseTM v13.7 

software (Varian Medical System, Palo Alto, CA). Dose calculations were carried out 

with the AAA (Anisotropic Analytical Algorithm) with 1mm grid resolution. 

2.2 General Workflow 

This study aims to improve the dosimetric quality of the plan generated from 

the U-Net predicted intensity map. The study workflow can be divided into three 

sequential steps. (a) Generate the MLC sequences from U-Net predicted intensity 

map. (b) separate the whole sequence into 7 or 8 segments (c). Modify the arc weight 

of these segments using a simulated annealing algorithm. An overview of the 

workflow is presented in Figure 2. This workflow is the same as Ni et al.’s work6, 

until MLC leaf sequencing, which is the focus of this study.  
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The customized U-Net input was 2D projections generated from patient 

anatomy for the predefined 100 control points at specific gantry angles. The ground 

truth was generated from MU-weighted MLC apertures in the library one-arc VMAT 

plans. The network predictions were then interpolated to the intensity maps at 178 

control points, which were subsequently resampled and sent to TPS using an 

automated scripting interface for plan finalization. Finally, the generated plans were 

compared with Ni et al.’s original DL plans6 for plan quality validation. 

2.3 Ground Truth VMAT plans generation 

In Ni et al.’s work6, the ground truth plans were generated using systematic 

adjustments of optimization objectives. Specifically, the process includes two steps. 

The first step is to generate dose distributions without considering OAR constraints. 

All the plans are normalized to that 100% of the prescription dose (70Gy) covers 95% 

of the PTV70 volume. Structures that are not mentioned before are listed below: 

i.  PTV58.8exp: Represents PTV58.8 with one extra slice at the top. The 

extra slides were shrunk by 5 mm from the edge of the original top slice 

ii. Z_P1minusP2: PTV58.8exp – Slices that contains PTV70 component 

(only the upper portion). 

The optimization objectives are listed in Table 16: 

Figure 2: Overall workflow 
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Structure Upper or lower Dose (cGy) Volume (%) Weight 
PTV70 Lower 7000*0.96 99.9 110 
PTV70 Lower 7000 97.5 115 
PTV70 Upper 7000*1.04 1.5 110 
PTV70 Upper 7000*1.05 0 115 
BODY Upper 7000*1.05 0 350 
PTV58.8 Lower 5880*0.97 99.9 110 
PTV58.8 Lower 5880 98 115 
PTV58.8 Upper 7000*1.05 0 110 

Z_P1miusP2 Upper 7000*92% 0.0 55 
Z_P1miusP2 Upper 7000*86% 50 55 

Table 1: Ground truth generation, Step 1: Optimization objectives (PTV-only) for 
pilot planning 

The second step is to take OAR into considerations. (Here, FHR represents Right 

Femoral Head, and FHL represents Left Femoral Head). More objectives based on 

DVH statistics were introduced to refine the OAR dose constraints. The objectives 

needed are listed in Table 26: 

Structure Upper or 
lower 

Dose (Gy) Volume (%) Weight 

Bladder Upper 71.0 0 80 

 Upper 70.3 0.1 75 

 Upper 𝐷𝐷50%
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝*0.85 50 50 

 Upper 𝐷𝐷70%
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 *0.85 70 50 

Rectum Upper 70.8 0 80 

 Upper 70.7 0.1 80 

 Upper Min(𝐷𝐷50%
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝*0.70, 

𝐷𝐷50%
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 100) 

50 80 

 Upper 50 Min(𝑉𝑉50𝐺𝐺𝐺𝐺
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝*0.6, 

20%) 
70 

 Upper 21 𝑉𝑉21𝐺𝐺𝐺𝐺
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝*0.6 70 

FHR Upper 35 0 55 

FHL Upper 35 0 55 

Table 2: Ground truth generation, Step 2: Optimization objectives (OAR included) 
for pilot planning 
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2.4 U-Net Dose map Prediction 

In this study, we used the same U-Net architecture6 to capture the patient 

anatomic features and generate the predicted intensity maps and thus generating 

MLC sequences for the VMAT plans. U-Net was chosen as our deep learning model 

because it has proven to be an efficient deep learning network in the field of medical 

image processing that can achieve a balance between accuracy and efficiency. 

Additionally, U-Net has the capability of performing successful image segmentation 

with limited training samples36.  Since our data set is not that large, U-Net is suitable 

for this study from the perspective of the data scale.  

Figure 3 demonstrates the U-Net architecture used in this study. The network 

consists of a 4-resolution-step contracting path (left side) and a 4-resolution-step 

expansive path (right side). The contracting path follows the typical architecture of a 

convolutional network. It consists of the repeated application of two 3×3×3 

convolutions, each followed by an exponential linear unit (eLU) and a 2×2×1 max 

Figure 3: U-Net architecture6 
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pooling operation with stride 2 for down-sampling. Every step in the expansive path 

consists of an up-sampling of the feature map. Concatenations are performed 

between three pairs of units with the same resolution as indicated by the gray arrow 

in the figure. Then two 3×3×3 convolutions were performed, each followed by an 

eLU. In the final layer, a 1x1 convolution is used to combine the 64-channel layer into 

a one-channel output. In total, the network has 23 convolutional layers. 

The input of the U-Net architecture is a 4-D matrix with six channels. The raw 

data is generated from performing Radon transform on organs and PTVs of patients’ 

CT slices. The channels are 1. Bladder, 2. Rectum, 3. PTV 70, 4. PTV 58.8, 5. Seminal 

vesicle, 6. Digital Reconstructed Radiographs (DRR) of the pelvic region. The outputs 

are binarized MLC aperture shapes at the 100 selected control points with a 

dimension of 64×64×100.  

2.5 MLC Position and Weighting Algorithm 

The previous study has shown the feasibility of using U-Net to generate 

VMAT plans that can meet most of the clinical standards6. However, some 

dosimetric indices could still be improved, such as maximum dose, PTV58.8 coverage, 

dose distribution in the seminal vesicles, etc. In this study, we plan to divide the U-

Net-predicted intensity maps into 7-8 segments and then improve the max dose, 

DVH statistics by optimizing each segment’s weight.  

Specifically, the size of the prediction matrixes is 64×64×100 (2.5 mm/pixel). 

After loading the predicted intensity maps into MATLAB, the MLC sequences 

generation follows these steps: 
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(a). Interpolate the 64×64×100 input into 75×75×100 (2.5 mm/pixel both). 

Divide the predicted intensity map in the PTV into eight segments. Each segment 

corresponds to two pairs of MLC leaves.  

(b). Read the ground truth MLC sequences and separate the PTV into eight 

segments in the same way as the prediction dose map. (Figure 4)  

 In this step, the common method for performing segmentation is to separate 

the images from the 20th row to the 51st row (75 rows in total); each segment contains 

four rows. In some cases, it’s possible that the patient’s prostate is extremely large 

and exceeds the range of the segmentation. If it happens, we would add 1-2 rows in 

the first and/or last segments and make sure the PTV is fully covered. 

 (c). For each control point, we set 450 different constants (from 0.005 to 0.500, 

0.001 for each step) as thresholds. Then we apply the threshold x to the formula: 

Segmented pixel map > x    (1.1) 

The original pixel dose map would become a binary mask.  Cross-correlation 

would be calculated between the ground truth and the binary map. The thresholds 

that correlate to the max cross-correlation values would be recorded as the control 

Figure 4: Prediction and Ground truth segmentation 
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point’s optimized threshold values x’. The minimum threshold of 0.005 is set in case 

that the aperture opening that is extremely large. 

(d). After finishing all the control point threshold values’ calculation, we 

apply the optimized threshold values to the predicted intensity maps that have the 

same size as the CT images (512×512×178, 1 mm/pixel, linearly interpolated from the 

75×75×100 predicted intensity maps) and get a new binary mask. This mask would be 

converted to MLC leaf positions directly.  The mask is generated by: 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑖𝑖, 𝑗𝑗) = �1, 𝑃𝑃(𝑖𝑖, 𝑗𝑗) > 𝑥𝑥
0, 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑒𝑒𝑒𝑒𝑒𝑒

(1.2)

 Here the P(i,j) is the segmented pixel map with a resolution of 1mm/pixel. In 

the binary mask 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑖𝑖, 𝑗𝑗), we search the first non-zero pixel from left to right and 

record this pixel location as the left MLC position, then search the first non-zero pixel 

from right to left and record the pixel location as the right MLC position. Then the 

MLC position is written into Dicom files and imported into the EclipseTM TPS system. 

The default field weight factor is set as 1. 

Figure 5: Thresholds of different segments 



16 

 

 (e). In order to fine-tune the beam weight factor and improve the dose 

conformity, lower the hot spot, and fully cover the PTV58.8, we would introduce a 

simulated annealing algorithm to modify the beam weight. The simulated annealing 

algorithm is an effective way to find the global optimum of a given function. The 

process is shown as follow: 

1). Define a loss function L  

L is the definition that includes objectives to be optimized. In this study, we 

define the loss function as: 

L=ReLU (PTV58.8 – 0.84) * 25 + (SV – 0.88) * 20 + (body1cc - 1) *5 + (body1cc - 1.08) 

* 25 + (rectum1cc – 1)) * 5 + (body1cc - 1.08) * 25 + (bladder1cc – 1)) * 5 + (bladder1cc - 1.08) 

* 15 

Here, ReLU represents Rectified Linear Unit, SV represents the seminal 

vesicle. All the organ and OAR dose values are relative to the prescription. We add 

an SV penalty to prevent SV from receiving an excessive dose. Also, a two-stage 

penalty is added to organs and OARs in order to avoid hot spots and extremely large 

high-dose areas.  

2). Select current state w  

w is the initial state of the weight factor, whose numerical value is 1.0 for each 

segment. 

3). Add a random perturbation to state w and calculate the new loss  
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To ensure convergence, exponential decay is applied to the amplitude of the 

perturbation (i is the step-index from 1 to 400, rand means a random number between 

0 to 1): 

(rand - 0.5) * (0.0001 + exp (-0.03 * i) * 0.1)   (1.3) 

4). Renew the state w 

If the loss is smaller than that in the previous state, accept the move; 

otherwise, we also accept the perturbation when an exponentially decreasing 

probability (given by prior experience) is smaller than the value of rand in the current 

step:  

  P = exp (-0.03 * i) * 0.3     (1.4) 

The algorithm stops after 400 iterations.  

5). Start next trial 

For each plan, the beam weight fine-tuning algorithm tuned the beam weight 

factor. The modified RT plan is the final plan and then calculated by TPS. The 

Figure 6: Loss change over trials 
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simulating result of one case is shown in Fig 6. We can see that the optimization 

converged. 

2.6 Plan settings 

 This set of plans use 10X as the beam energy and 600 MU/minute as the dose 

rate. The gantry rotation angle starts from 179° to 181°counter-clockwise. The 

collimator rotation angle is set as 5°.  

 The jaw opening in the Y direction for each segment is 1.2 cm. (two pairs of 

MLC take up 1cm, and 0.1cm margin is added on both sides of the MLC leaves). 

2.7 Model Validation 

To validate the efficacy and accuracy of the current model, ten indices are 

chosen to evaluate the dosimetric quality of the VMAT plan, as listed in Table III.  

Table III. 

Indices Unit Description 

𝑉𝑉58.8𝐺𝐺𝐺𝐺
𝑃𝑃𝑃𝑃𝑃𝑃58.8 (%) The percent volume of PTV58.8 covered by 58.8Gy isodose line 

𝐷𝐷1𝑐𝑐𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚 (%) The maximum percent dose received by 1cc of patient body 

𝐷𝐷1𝑐𝑐𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 (Gy) The maximum absolute dose received by 1cc of the rectum 

𝑉𝑉70𝐺𝐺𝐺𝐺𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 (cc) The absolute volume of rectum receiving more than 70Gy dose 

𝑉𝑉65𝐺𝐺𝐺𝐺𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 (%) The relative volume of rectum receiving more than 65Gy dose 

𝑉𝑉40𝐺𝐺𝐺𝐺𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 (%) The relative volume of rectum receiving more than 40Gy dose 

𝐷𝐷1𝑐𝑐𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  (Gy) The maximum absolute dose received by 1cc of bladder 
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𝑉𝑉70𝐺𝐺𝐺𝐺𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  (cc) The absolute volume of bladder receiving more than 70Gy dose 

𝑉𝑉65𝐺𝐺𝐺𝐺𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  (%) The relative volume of bladder receiving more than 65Gy dose 

𝑉𝑉40𝐺𝐺𝐺𝐺𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  (%) The relative volume of bladder receiving more than 40Gy dose 

Table 3: Plan validation indices  
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3. Results 
3.1 Isodose Distributions 

The outputs of the U-Net model and MLC optimization algorithm are 

binarized MLC aperture shapes at 178 control points in 7-8 full arcs, which are sent 

to a commercial treatment planning system (TPS) for dose calculation and plan 

finalization. On average, this procedure would cost 10 min for a plan generation in 

contrast to the current clinical practice (>30 minutes). Figure 7 shows the MLC 

aperture shapes of our multi-segment plan and the ground truth plan and one-arc U-

Net predicted plan in one example case.  Figure 7.a-7.i are examples of the seven 

segments in the multi-segment plan. Figure 7.h is the MLC aperture of the one-arc U-

Net predicted plan, and Figure 7.i is the MLC aperture of the ground truth plan.   

Figure 7: Aperture shape comparison between multi-segment plan, one 
arc plan and ground truth plan. (Blue contour represents PTV58.8) 
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Since the MLC sequences of one-arc plans and multi-segment plans are 

similar,  we take a one-arc plan in comparison with the ground truth plan to show 

the whole aperture shape in a simple way in Figure 8. 

As can be seen from Figure 7 and Figure 8, the open-or-close pattern of the 

aperture shape of multi-segment plan and one-arc plan can be regarded as an 

Figure 8: Aperture shape comparison between one-arc plan and 
ground truth plan of four different control points. 
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approximate delineation of the patient’s PTV58.8. (Figure 8.f) However, only a few 

OAR regions could be protected if there are conflicts between the OARs and the PTV 

(Figure 8.e, 8.h). However, the aperture shape of the ground truth plan seems to 

address different areas inside the PTV at different control points, and the OAR 

protection is better than the one-arc plan and ground truth plan. Figure 9 shows the 

isodose distribution comparison between the Multi-segment plan and the one-arc 

plan for one patient case.  

9.a         9.b 

 

 

 

9.c         9.d 

 

 

 

9.e         9.f 

Figure 9: Isodose line comparison between Multi-segment plan 
(left) and one-arc plan (right) 
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Overall, the bladder and rectum sparing between the two plans are similar, 

and both meet institutional guidelines. The hot spots of the two plans do not show 

much difference (112% and 111%). In the one-arc plan, the upper part of the PTV58.8 

(marked with white circles) could not get enough dose (Fig 9a - 9b, also shown in Fig 

10.c and 10.d). The multi-segment plan showed improvements in the dose 

conformity on the coverage of PTV58.8 and SV dose fall-off. (Fig 10.e and 10.f) Both 

plans have a good 100% dose coverage (yellow isodose line) to PTV70 (inner red 

contour) with good conformity as the plans are normalized to V70Gy = 95% for PTV70. 

In addition, the dose sparing to left and right femoral heads between the two plans is 

comparable. Figure 10 shows two more cases on the comparison of the sagittal view 

of the plans. 

Figure 10: Comparison of Isodose line (sagittal view) of other 2 plans 
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We need to mention that the dose statistics, especially hot spots, have a very 

close relationship with the jaw opening in multi-segmented plans. The difference of a 

large margin (0.4 cm) between the jaw and the MLC leaf would make a maximum 

dose difference around 1% of the prescription dose (Figure 11.a - 11.b) in one-arc 

plans, but more than 10% in multi-segment plans (Figure 11.c – 11.d). Therefore, we 

managed to minimize the jaw opening in every field (0.1cm margin) to get a lower 

hotspot.  

 

Figure 11:Hot spot difference between plans with 
different jaw openings (0.1 cm vs. 0.4 cm) 

11.a                  11.b 

11.c                 11.d 
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3.2 DVH statistics 

In Figure 12, DVHs of the multi-segment plan and one-arc plan are compared 

for the same example case shown in Figure 9 above. Two PTVs and major OARs are 

included in the figure, each labeled by a unique color. The DVHs for the PTV70, 

rectum, and bladder of the multi-segment plan are similar to those of the one-arc 

plan. The DVH for the rectum shows a moderate difference at middle to medium 

and high dose intervals (between 25Gy to 70Gy). As for the DVH for bladder, the 

multi-segment plan have a slightly better performance than the one-arc plan. The 

DVH curve and statistics can verify the finding that the multi-segment plan shows 

Body D 1cc (%) 112.64±1.9 118.9±4.1 106.7±0.8
PTV 58.8 V 58.8Gy (%) 94.21±2.9 92.4±2.2 96.8±0.7

D 1cc (Gy) 73.3±1.1 74.0±3.0 70.5±1.1
V 70Gy (cc) 4.5±2.3 2.8±1.8 1.4±0.7
V 65Gy (%) 8.6±2.8 4.7±1.5 3.6±1.1
V 40Gy (%) 33.4±8.1 26.3±5.9 24.0±5.0
D 1cc (Gy) 74.0±1.9 75.8±2.0 72.6±0.8
V 70Gy (cc) 5.3±3.3 6.8±3.6 4.1±2.0
V 65Gy (%) 4.4±3.0 5.5±2.3 3.7±2.0
V 40Gy (%) 16.1±8.6 19.4±9.2 17.7±8.9

TPS PlanStructure Parameter Multi-segment One-arc

Rectum

Bladder

Table 4: Major dosimetric parameters comparison 
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better dose coverage to PTV58.8 (V58.8Gy = 95.6%) than the one-arc plan (V58.8Gy = 

91.6%).  

We introduce the commercial TPS plan results (abbreviated as TPS plans 

below) for comparison to further evaluate the dose statistics. Table IV summarizes 

the quantitative dosimetric evaluations of Multi-segment plans, One-arc plans, and 

TPS plans for the 11 test cases. After dose normalization (PTV70 V70Gy=95%), all 11 

Multi-segment plans achieved clinically acceptable spatial dose distribution. As can 

be derived from the table, although all the dose statistics seem not to be as good as 

TPS plans, the multi-segment plans show improvement on the hot spot, PTV58.8 

coverage, and bladder dose than one-arc plans. In terms of low dose sparing, V40Gy 

results of bladder and rectum in multi-segment plans were even better than one-arc 

plan results. However, rectum dose in multi-segment plans still needs to be 

improved.  

Figure 12: Dose volume histogram comparison between Multi-segment and 
one-arc plans. 
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Figure 13: Major Dose statistics comparison (box plot) 
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As we can see from the box plot (Figure 13), there are several outliers on the 

multi-segment plans. The reason for the outliers of the box plot is the extremely large 

prostate cases. Though additional MLC pairs were added into the arcs, further 

optimization methods still need to be introduced regarding cases with large 

anatomical structures. 

 

4. Discussion 
4.1 Tasks and goals of Automated VMAT planning 

Over the past several decades, treatment planning technologies have been 

rapidly growing and evolving. From 3D-CRT to IMRT to VMAT, the required 

computation and human intervention become heavier and heavier to simultaneously 

achieve better target dose conformity and high delivery efficiency. Partially or fully 

automated treatment planning can greatly improve the efficiency of the planning 

process and contribute to the clinical field. With state-of-the-art AI algorithms, 

automation tools and prediction models become available for many elements in 

treatment planning, ranging from dose prediction to automated MLC algorithm. 

Undoubtedly, the ultimate goal is to implement a fully automated treatment 

planning process with a self-learning capability. However, numerous preliminary 

studies and clinical trials are required before the realization of this ultimate goal. In 

this work, we developed an automatic multi-segment VMAT plan generation 

algorithm for prostate SIB cases. This study is a trial to enhance the dosimetric 

performance of an MLC dynamic sequence prediction-based automatic treatment 
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planning algorithm. The proposed study design might provide new insights for 

future research in the field of VMAT treatment planning.  

4.2 Limitations 

The proposed method has the following limitations: First, the model was only 

tested on 11 patient cases, which might not be enough to validate the model's 

efficacy. Second, adding too many arcs can lower the clinical efficiency and add to 

the computational work, which seems impractical in clinical applications. Third, the 

process of plan generation can also be optimized. Currently, we use the cross-

correlation method to choose a constant threshold for each aperture, which means 

we have to compute the CC hundreds of times (450×7 times at one control point) for 

one patient). This affects the efficiency of the algorithm to a great extent. As shown in 

Figure 14, in one-arc plans, applying the CC method would lead to the missing of 

details (marked by white circles) in binary masks, whatever which threshold value is 

applied. Even if we make several segments, the loss of details in binary masks still 

happens among different pairs of MLC in one segment. Fourth, this proposed 

method was designed and validated for prostate cases. The prostate has a relatively 

simple geometric structure, while this procedure may come across many difficulties 

upon being applied to other structures. As we can see from the result, the MLC 

aperture of multi-segment plans cannot handle the conflict between the OARs and 

the PTV well, which may cause more problems regarding OAR dose sparing in other 

anatomical structures with more OAR restrictions.  In other words, its potential 

application for other treatment sides with a higher complexity remained unclear.  
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4.3 Future research 

The first future research direction is to potentially improve the robustness of 

this algorithm through: 1) including more patient cases in both the training and 

validation of the model and 2) refining DL network design and training. Compared 

to IMRT plans, VMAT plans have much more gantry angles to be taken into 

consideration. Therefore, the complexity of modeling is greatly increased. The most 

straightforward solution to this increased complexity is to include more training 

cases for the modeling. We have observed that there are some common problems 

that all of our U-Net predicted plans have, such as the distortion of the predicted 

intensity maps at the first and the last few control points. Then we could look back 

on our training process and try to optimize and modify the hyperparameters in the 

DL network. Additionally, we could investigate the performance of more recent deep 

network architectures like nnU-Net35. It shows a strong capability in the field of 

image segmentation. 

The second direction is to further improve the MLC leaf sequencing 

algorithm. We plan to use other algorithms to replace the computation of cross-

correlation. We have also tried to calculate the MLC position by analyzing the 

Figure 14: Loss of details in binary masks when applying CC method 
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predicted intensity map line by line and thus selecting the optimized MLC leaf pair 

by pair. We have finished an experimental plan by this method and got encouraging 

dose statistics with higher efficiency. The multi-segment algorithm can improve the 

DVH statistics, yet multi-segment delivery may add to the treatment time. We plan 

to combine several arcs into one arc after the optimization process.  

In the future, we plan to integrate our procedure into a GUI-based 

application. Developing such a fully automatic treatment planning system can 

benefit the frontline medical staff in radiation oncology in many aspects. For clinics 

that are short of human resources or overloaded with patient visits, this system can 

approximate treatment plans for the planners to modify and improve, saving time 

for the planners on repetitive work to handle more complicated tasks. Then the 

system can get more cases for self-learning and updating, thus improving the 

system's overall performance.  

5. Conclusion 
In conclusion, we proposed a multi-segment VMAT plan generation method 

to automate VMAT radiotherapy planning and a multi-segment MLC leaf 

sequencing algorithm. Compared to one-arc plans, the proposed multi-segment 

VMAT plan generation algorithm has a higher degree of freedom, better coverage of 

PTV58.8, and lower hot spots. The generated multi-segment VMAT plans have the 

potentials for future development to realize predicted radiation intensity maps with 

high complexity and achieve desirable plan quality.  
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