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Abstract 
Background: Monte Carlo and square root are two commonly used calculation 

methods to predict electron cutout factors in clinic. Monte Carlo is accurate but time 

consuming, while square root is faster but less accurate for cutouts with highly irregular 

shapes.  

Purpose: Simplify and develop an efficient residual neural network model to 

predict electron cutout factors accurately and instantly. 

Methods: 281 clinical cutouts were screened, and 12 groups were designed 

combining four different electron energies (6, 9, 12 and 15 MeV) and three different 

cones (10, 14 and 20 cm). The cutout factors of 35 previously used electron cutouts were 

calculated by Monte Carlo simulation and also measured with a solid water phantom 

and an ion chamber for validation of Monte Carlo accuracy. To solve the issue of sparse 

training data, 600 cutout samples were created for each group based on modifications of 

previously screened clinical cutouts. Cutout factors of these 600 samples were calculated 

with Monte Carlo simulation. 400 samples were randomly selected as training data, 50 

as validating and the remaining 150 as testing. 1D Distance histograms were calculated 

as model input instead of 2D images to accelerate the training process. 1D Residual 

neural network with four residual blocks and three linear blocks was used. Performance 

of the trained model was evaluated with testing data, and the accuracy of the model was 
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compared with square root method for eight selected cutouts with highly irregular 

shapes. 

Results: The Monte Carlo calculated cutout factor agreed with the measurement 

within 0.7±0.5% on average. During the training process, the model started to converge 

within 20 epochs with 30 seconds. For model prediction, mean errors and maximum 

discrepancies for each energy and cone combinations were all within 1%, and the 

average overall error was 0.2±0.16%. Compared to square root method, the trained 

model performed better for cutouts with highly irregular shapes. 

Conclusion: An efficient residual neural network model was simplified and 

developed, which is capable of estimating electron cutout factors accurately and 

instantly.  
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1. Introduction 
Electron beam radiation therapy is often used in clinical settings for treating 

superficial tumor targets such as skin cancers, and for mastectomy scar boosts. As to the 

beam collimator system, different from photon treatments which use multileaf 

collimator (MLC) and block, electron treatments use an applicator with an inserted 

cutout which is indispensable to make the electron field conformal to the target. Thus, 

the cone factor and the cutout factor are included in electron beam dose calculation 

taking into account the scatter effect from the applicator and the cutout. Several methods 

have been developed in the literature to predict electron cutout factors, but limitations 

exist for each.  

Deep learning has shown its effectiveness of nonlinear regression ability in a few 

applications in medicine. Currently, no application of deep learning on electron beam 

radiation therapy has been reported. Residual neural network (ResNet) has powerful 

representational ability which accelerates the performance of deep models for many 

computer vision applications like object detection and face recognition. ResNet provides 

a potential solution to predict electron cutout factors accurately and instantly, especially 

for cutouts with irregular shape. 



 

 2 

1.1 Electron beam radiation therapy 

1.1.1 Ionizing radiation 

Radiation can be defined as energy traveling through space or materials in 

different forms (e.g. photons and electrons)1. As shown in Figure 1, radiation can be 

classified into two main categories, non-ionizing and ionizing2. Ionizing radiation 

contains enough energy to cause ionization releasing orbital electrons. When ionizing 

radiation travels through tumor tissues, these secondary electrons ejected from 

ionization can damage DNA molecules directly or indirectly, which consequently causes 

the death of cancer cells (Figure 2)3. In direct interaction, these electrons directly collide 

with DNA molecules and damage them. In indirect interaction, these electrons first 

interact with water molecules, releasing products like hydroxyl radicals which destroy 

these DNA molecules. Thus, ionizing radiation can be used for cancer treatment.  

 

Figure 1: Classification of radiation2.  
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Figure 2: Direct and indirect interaction of radiation damaging DNA 
molecules3. 

1.1.2 External beam radiation therapy 

External beam radiation therapy is a treatment method with radiation generated 

from outside of the human body by a radioisotope or a linear accelerator (linac). Most of 

commercial linacs contain two operation modes, delivering photon beams and electron 

beams with multiple energies. Although they are both capable of killing cancer cells, 

differences exist between these two modalities. For example, electron beams are 

preferred for treating superficial targets because of their fast falling-off percentage depth 

dose (PDD) while photon beams are more penetrating (Figure 3)4. Also, the collimation 

system is different. For photon beams, the MLC system is often used to conform these 

beams to irregular targets for 3D conformal and intensity modulated radiation therapy 
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(IMRT). However, the MLC system is not commercially available for electron mode. 

Instead, applicators with inserted cutouts are required for electron therapy (Figure 4)4. 

Cutouts inserted in an applicator in electron mode are close to the patient surface 

compared to MLC in photon mode in order to reduce the uncertainty of scatter from the 

collimation system. Figure 5 shows an example of an applicator with an inserted cutout 

attached to a linac head5. Because of this unique collimation system, the dose calculation 

method for electron beam needs to consider the scatter effects from applicators and 

cutouts. 

 

Figure 3: An example of PDD curves for electron beams and photon beams4. 
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Figure 4: Collimation systems for photon and electron beams4. 

 

Figure 5: An applicator with an inserted cutout5. 

1.1.3 Dose calculation for electron beams 

For photon beams, dose can be calculated with either PDD based or tissue 

maximum ratio (TMR) based method. TMR based method is preferred in clinic because 

patients are usually treated with source axis distance (SAD) setup, placing the isocenter 

at the center of the treating target, which results in constant distance (100 cm) between 



 

 6 

radiation source and the target. Thus, inverse square factor is not required. TMR based 

dose calculation can be done with the equation below to calculate the dose at isocenter: 

!"#$ = &'()*.,-. .,/. 01. 02 

where &'()* is calibration factor with reference SAD setup: depth of maximum dose 

(dmax) and 10cm field size, Sc and Sp are scatter factors of collimator and phantom 

respectively, and TMR factor is account for tissue attenuation.  

 For the convenience of setup, electron treatments often use source surface 

distance (SSD) setup, placing the isocenter at the skin surface. Dose of electron beams 

can be calculated with the equation below: 

!"#$ = &'((*.,-. 3'. 40'. 4!5 

where &'((* is calibration factor with reference SSD setup (depth=dmax, field 

size=reference cone size, 14cm for Elekta Linac), OF is output factor, ISF is inverse 

square factor and IDL is prescription isodose line6. Because of the unique collimation 

system used for electron treatments, effects of applicators and cutouts should be 

considered for dose calculation. Output factor is defined as: 

3' = '1678. '19:69: 

where '1678 is cone factor and '19:69: is cutout factor. Cone factor is defined as the ratio 

of dose at dmax for open cone (cutout not inserted) between current cone and reference 

cone, which is usually 14 cm or 15 cm depending on the type of linac: 
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'1678 =
!"#$(<=)>, @"A$	@$AC$D, @"A$	#EF$)

!"#$(<=)>, @"A$	@$AC$D, @"A$H8I)
 

Cutout factor is defined as the ratio between the dose at dmax at the cutout center and the 

dose at dmax at the center of the open cone: 

'19:69: =
!"#$(<=)>, @JC"JC	@$AC$D, @JC"JC	EA#$DC$<)

!"#$(<=)>, @"A$	@$AC$D, "K$A	@"A$)
 

While cone factor can be easily measured during beam commissioning, cutout 

factor measurement is much more difficult because it is patient-specific and often 

involves cutouts with small sizes and irregular shapes. Although cutout factors can be 

directly measured with ion chambers and a solid water phantom, these measurements 

demand manual efforts and machine time. Also, the results can be affected by the skill of 

operator and type of measurement device used. Thus, an efficient and consistent 

computational method can help facilitate the prediction of cutout factors, and thus MU 

calculation for electron beam radiation therapy. 

1.1.4 Prediction of electron output factors in the literature 

In the literature, a few methods have been developed to predict electron cutout 

factors through computation. The simplest methods like equivalent square and square root 

can handle rectangular fields with fast hand calculation. More advanced methods, 

including sector integration and convolution-based modified Clarkson integration (CMCI), can 

predict cutout factors for irregular cutouts relatively accurately, but they require a large 
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number of measurements for circular cutouts. The most complicated methods like pencil 

beam and Monte Carlo can directly get the outputs of electron beams, but they require 

detailed commissioning data for modeling, and they cannot be handled without a 

treatment planning system (TPS). 

1.1.4.1 Equivalent square and square root 

Equivalent square method was first established for photon beams. This method 

is particularly useful because it proves that outputs can be represented by a function of 

equivalent square field size, which is convenient and has been used in clinic for photon 

beam dose calculation. Biggs stated that a similar method, which was equivalent area 

based, may also be applied to electron beams7. From his results, this method could 

obtain the output factor within 2% for simple cases, but this would not work well for 

rectangular fields with high aspect ratios. For other reported percentage differences 

between measured and calculated output factors based on equivalent square method in 

the literature, errors were mostly within 3% but the highest error could be larger than 

5%8,9,10.  

While equivalent square method aims to use simple cutouts to represent 

complicated cutouts in order to find the relationship between output factors and 

equivalent square sizes, the square root method contains the similar idea but with better 

accuracy. This method used a Gaussian scatter model for pencil beams to develop the 
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formula for rectangular fields11. The output factor for a rectangular field can be 

calculated combining output factors of two square fields with the equation: 

3'(L, M) = [3'(L, L) × 3'(M, M)]
Q
RS  

This method was used to estimate output factors for rectangular cutouts with less than 

3% errors for most cases. The errors became larger for large fields with large aspect 

ratios12. In addition, outputs for rectangular fields depends on which pair of jaws 

produce the length or width because the scatters from jaws vary. The square root 

method cannot distinguish output differences between the two possible orientations of 

the collimator pairs used to produce the rectangular fields. Thus, the one-dimensional 

method was introduced to take this effect into account with the equation below: 

3'(L, M) = [3'(L, MT) × 3'(LT, M)] + &'(L, M) 

where X0 and Y0 are reference field dimensions and CF is a small correction factor which 

is zero for energies larger than 17 MeV and becomes larger for lower energies11. 

Compared to square root method, this one-dimensional method is more accurate 

especially for the cases with significant asymmetry between X and Y collimator systems. 

This method could estimate the output factors within 1.5% error mostly11.  



 

 10 

1.1.4.2 Sector integration and CMCI 

 While Clarkson integration is designed mainly for photon beams, sector 

integration method is similar but specific for electron beams with irregular cutouts. 

Output of electron beams can be calculated with the equation: 

3JCKJC =
1

W
X3'Y

Z

Y[Q

 

where W is the number of evenly spaced sectors of the electron field and 3'Y is the 

output contribution from an individual sector which can be calculated from the output 

of a circular cutout with the same radius divided by W13. Polynomial fitting is used to 

obtain outputs of circular cutouts with any given radius from limited measurements. To 

achieve higher accuracy, W should be as large as possible and at least 16. For most of 

clinical cases, reported errors were within 1%, but for some highly irregular cutouts 

which were very narrow (i.e. diameter less than 3 cm) or concave, errors could be larger 

than 2%13.  

 Similar to sector integration, CMCI method also requires measurements of 

circular cutouts but it is based on annular fields instead of sectors14. Annular output 

factor (AOF) can be calculated from subtraction between output factors of two circular 

cutouts with radius of r+Dr and r. Then 2D output kernel can be calculated by: 

3\[A1, A2] = X ^3'(_AAJ`J#)/Wb(_AAJ`J#)
)779c9(
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where NP is the number of pixels. Then output factor can be calculated with convolution 

between output kernel and electron field matrix. Compared to sector integration which 

only calculate output factor at cutout center, CMCI method can generate 2D outputs 

within the field. Reported errors for this method were mostly lower than 2%14.  

1.1.4.3 Pencil beam  

Pencil beam is a model-based computational method which requires 

commissioning data of a particular linac. The idea initially came from Lillicrap who 

estimated dose by summing up dose distributions from multiple smaller beams referred 

to as pencil beams15. This dose distribution can be estimated by a Gaussian distribution 

assuming electrons’ lateral spread is in a random walk fashion, which can be modeled 

by two main ways. One method is based on Fermi-Eyges theory of multiple Coulomb 

scattering16, which was first used by Hogstrom to calculate patient dose17. The limitation 

of this model is that Fermi-Eyges theory underestimates large angle scattering and thus 

underestimates the pencil beam width. In addition, this method assumes that all 

electrons should stop at depth of practical range and this is not true18. Regardless of 

some improvement of this model, it still has not produced output factors with sufficient 

accuracy for clinical use5. The other method is to include lateral build up ratio (LBR) in 

pencil beam. Unlike Fermi-Eyges based method which predicts the lateral spread of 

electrons, LBR-based method directly measures the distribution experimentally19. 
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Compared to Fermi-Eyges pencil beam model, LBR model is more accurate because of 

the use of experimental data, but the limitation is that it ignores scatter contributions 

from cutout edge. Reported errors for this model were mainly within 3%, not as accurate 

as a more advanced method like Monte Carlo. 

1.1.4.4 Monte Carlo Simulation 

 Monte Carlo simulation plays a significant role in electron beam planning since 

traditional methods such as commercial pencil beam methods have large errors for 

inhomogeneous tissues with complex geometries. Monte Carlo method is computing 

intensive. It requires accurate modeling of linac in TPS and accurate intensity image of 

patient geometry for an accurate simulation. It also requires a carefully designed 

calculation protocol to reduce the uncertainty and calculation time. For example, the 

number of histories and voxel size should be set appropriately to balance the calculation 

time and accuracy. 

MDS Nordion was the first commercial Monte Carlo TPS for electron beams, 

which implemented voxel-based Monte Carlo VMC developed by Kawrakow20. Errors 

for this algorithm were mostly less than 2.5% for MU calculations, and large errors 

occurred for cases with large voxel sizes, heterogeneities and dose gradients21. This 

Monte Carlo algorithm was also implemented by Xio eMC TPS. The accuracy was good 

for higher energies, but not for lower energies as the maximum error could reached 
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4.22%22. The electron Monte Carlo (eMC) in Eclipse TPS used Macro Monte Carlo 

(MMC) based technique designed by Neuenschwander23. This algorithm was developed 

to improve the speed of traditional Monte Carlo calculation without reducing the 

accuracy, and it was only available for Eclipse TPS and Varian linacs. The errors of this 

algorithm were within 3% for larger cutouts, but for cutouts smaller than 3 cm´3 cm the 

errors could be up to 8%24.  

RayStation 6.2 TPS, used in this thesis, implemented VMC++ algorithm for 

electron dose calculation. The reported average error was within 1% and all errors were 

within 2% for profiles and PDD curves25.  

1.2 Deep learning 

In the last a few years, artificial intelligence (AI) has become a popular topic in 

both industry and academia. Many applications have been developed successfully such 

as object classification, language processing and speech recognition. Machine learning 

(ML) is a subfield of AI, powerful for nonanalytical model building. This is based on the 

concept that well-designed computer models can learn from data, identify patterns and 

then make decisions with minimal human intervention.  

Deep learning is an advanced form of ML. Specifically, deep learning normally 

uses artificial neural networks consisting of multiple layers of artificial neurons to mimic 
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the structure of the human brain. Compared to other ML algorithms, deep learning 

involves more complicated algorithms capable of performing more complicated tasks. 

1.2.1 Regression and classification 

Applications of deep learning can be divided into two main categories, 

regression and classification. Regression models are mainly used to find relationship 

between inputs and outputs which are continuous variables. Compared to traditional 

regression methods like polynomial fitting, deep learning models have more powerful 

fitting ability and the inputs can be complex like RGB images.  

Classification models, also called logistic regression models, are usually used for 

classification problems. Compared to linear regression models, they may consist of a 

similar structure of neural networks but different output layers. They contain special 

output layers to match the continuous inputs to discretize outputs using a classifier like 

softmax function. Figure 6 shows an example of regression and classification26.  

 

Figure 6: An example of regression and classification26. 
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1.2.2 Overfitting 

Deep learning models can be complex enough to fit any given training samples 

in theory. In reality, the available small training samples often cannot sufficiently 

represent the feature of the whole dataset. A small sample size usually increases the risk 

of overfitting, in other words overtraining. In this condition, models work extremely 

well for training samples including the noise but fail to generalize and perform poorly 

on new data. Conversely, deep learning models can also suffer from underfitting, which 

means these models are not sophisticated enough to capture the pattern in training 

samples resulting in low performance on both training samples and new data (Figure 

7)26.  

 

Figure 7: Underfitting and overfitting26. 

Since the main cause of overfitting is insufficient training data, adding more 

training samples is a direct way of preventing this problem. However, available data are 

often limited, especially the clinical data acquired from patient treatments. Although 

data augmentation can be used to increase the number of training samples, this method 
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alone is not sufficient or sometimes impossible. Four algorithms have been mostly used 

to lower the risk of overfitting.  

One is the regularization, which introduces additional bias to penalize extreme 

weight values. By doing this, outputs will depend on the balance of more weights, not 

on high values weights only. This is effective in preventing overfitting.  

The second technique is dropout. While training a model with dropout 

technique, several randomly selected neurons are canceled prohibiting artificial neurons 

from co-adapting too much (Figure 8)29. By doing this, trimmed networks are created 

and trained during the training process. These trimmed networks contain less weights 

therefore accelerating the training process and reducing the risk of overfitting.  

 

Figure 8: Dropout technique for preventing overfitting29. 

The third method is batch normalization. During the training process, deep 

learning models are trained with batched samples. Batch normalization means to 

normalize the input data in batch to maintain the same distribution thus preventing 

internal covariate shift (change of the input distribution to internal layers) which causes 
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the model hard to train30. In short, batch normalization works as a regularizer that 

makes the training process faster. It may reduce the risk of overfitting for special cases 

and eliminate the need for regularization and dropout. 

The fourth method is early stop.  It prevents overtraining by terminating the 

training process when no improvement can be found for evaluating data.  

1.2.3 Convolutional neural network 

Convolutional neural network (CNN) is a special type of deep artificial neural 

network for both regression and classification problems specific for images, because 

traditional multilayer neural networks are not ideal for image inputs for two reasons. 

First, images usually have a large number of pixels resulting in large input size and large 

number of weights to train which is impractical. Second, spatial information of input 

images may get lost if each pixel is treated as an individual input. CNN models take 

advantage of local spatial coherence in the input image which reduces the total number 

of weights to train since parameters are shared (Figure 9). Also, CNN models use 

receptive fields to extract spatial information from image by the convolution between 

kernels and images (Figure 10). Thus, CNN models are extremely useful for imaging 

problems with less computing times and better accuracy. 
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Figure 9: An example of local spatial coherence reducing number of weights to 
train by sharing parameters. 

 

Figure 10: Convolution between image and kernel for CNN. 

CNN models usually include two parts, convolutional layers and fully connected 

layers (Figure 11). By convolution, convolutional layers generate feature maps from 

input images using kernels, thus feature maps are filtered images containing features of 

input images. Pooling can be used to reduce the size of feature maps through down 

sampling. Thus, the main function for convolutional layers is to extract features from the 

input images. Fully connected layers work for regression, either linear or logistic, 

between these image features and outputs. 
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Figure 11: Structure of CNN models. 

1.2.4 Residual neural network 

 For complex computer vision related problems, deep CNN models consisting of 

more convolutional layers are preferred. However, very deep models have a few 

problems including vanishing and exploding of gradients. Exploding gradients can be 

avoided by selecting better initial parameters and activation functions, but the vanishing 

gradient problem is not easy to solve. Vanishing gradient occurs because during the 

backpropagation process, gradients are computed by the chain rule which results in an 

exponential decrease in the gradient. ResNet was invented to solve this problem by 

bringing skip connections into traditional CNN models which allow information flow 

into deeper layers60. Figure 12 shows an example of a residual block27. This block 

includes two layers of convolutional layers, a batch normalization (BN) layer and an 

activation function called exponential linear unit (ELU) which is defined as: 
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d(e) = f
e																						e > 0
i($> − 1)						e ≤ 0 

Both ELU and BN can accelerate the training process for deep networks with better 

accuracy. This block will be used in this project. 

 

Figure 12: An example of residual block for residual neural network27. 

1.2.5 Application of deep learning in medicine 

Deep learning has been used for multiple applications in medicine28,31. For 

example, deep learning models were trained for segmenting different organs like 

bladder32, head and neck33, lung34, spine35, and pelvic organs36. These models were 

trained with patches or entire images as inputs, and likelihood maps were generated as 

outputs providing the probability that a given region is part of the organ being 

segmented. Their errors were mostly within 3mm. 

 Also, deep learning has been used for diagnosis of diseases including tumors in 

lung37,38,39,40, brain41,42,43, breast44,45, liver46 and prostate47. Diagnostic images of patients 
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with a confirmed disease were used to train the models thus these models learned the 

features of this disease and then were able to predict the probability of having the same 

disease from images of a new subject. Some models have performed better than average 

physicians. For example, a model developed for cervical cancer screening showed 

greater accuracy than a human expert48. 

Furthermore, deep learning can be used for image processing and reconstruction, 

including chest x-ray filtering49, PET noise reduction50, MRI artifact reduction51, MRI 

registration52, and ultrasound image quality assessment53. For example, ResNet models 

were developed for adaptive histogram equalization filtering and denoising of 

fluoroscopy61.  

Deep learning can be useful for applications in radiation oncology. For example, 

models have been developed to generate synthetic CT images from MRI54. By doing this, 

patients only need to undergo MRI which is much safer without ionizing radiation 

instead of CT that is essential for dose calculation in TPS. Also, deep learning has been 

used to assist treatment planning and provide automated adaptation in lung cancer 

treatments55. Furthermore, dose distribution was predicted from patient image contours 

for prostate IMRT treatment56. In addition, deep learning models have been used to track 

lung tumor motion57 and estimate rectum dose toxicity for cervical cancer radiation 

therapy58. Although more and more papers have been published for deep learning in 



 

 22 

radiation oncology, no applications have been reported for electron beam radiation 

therapy. 

1.3 Summary 

 Cutout factors are required for electron beam dose calculation. However, 

measuring cutout factor with an ion chamber is time consuming, and needs manual 

effort and machine time. Thus, methods are needed to predict cutout factors accurately 

and quickly. 

Six calculation-based methods exist for electron output estimation: equivalent 

square, square root, sector integration, CMCI, pencil beam and Monte Carlo simulation. 

Among all these methods, equivalent square and pencil beam methods are less accurate 

for clinical use. Sector integration and CMCI methods require efforts to measure circular 

cutouts. Also, these methods are not commercially available for clinical use. Square root 

and Monte Carlo are the most popular methods available for most of clinical settings. 

Square root is fast and easy to use, but it is relatively less accurate for cutouts with very 

irregular shape. Monte Carlo simulation can directly calculate dose in three dimensions 

accurately, but it is computationally intensive. A new method would be beneficial as a 

balance, having sufficient accuracy similar to Monte Carlo simulation to meet clinical 

standards, and generating instant predictions like square root to reduce work load in 

busy clinical settings. 
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Deep learning has many potentials to improve the efficiency and quality of 

clinical tasks in the field of radiation oncology. CNN models like ResNet have been 

proved to be powerful to model a nonlinear system. Thus, the hypothesis of this project 

is that deep learning could also provide a solution for estimating electron cutout factors. 

Limitations exist for training traditional CNN models. First, clinical data is 

usually limited resulting in the issue of sparse training data in modelling. Consequently, 

data augmentation is often required for these applications. Second, one assumption of 

electron cutout factors is that they are rotation and shift invariant. However, traditional 

CNN models do not have these properties thus additional data augmentation with 

rotations and shifts are needed. Third, deep models are hard to train thus methods are 

required to simplify these models and their inputs in order to accelerate the training 

process. 

1.4 Project Objective 

 The aim of this project is to develop a ResNet model to predict electron cutout 

factors accurately and instantly. The sparse training data issue will be overcome through 

data augmentation with simulations. The model and input data will be simplified to 

improve the training and testing efficiency.  
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2. Methods 

2.1 Preparations of cutouts and cutout factors 

 Measurement with ion chamber is considered to be the golden standard to 

determine the cutout factors. However, measurement samples are limited and 

imbalanced for this project due to several reasons. First, the cutouts were from the 

clinical treatments within the past year at the University of North Carolina (UNC) 

radiation oncology department, which may not represent some commonly used shapes 

for one disease site sufficiently. Second, cutout factors were not measured for patients 

when it was estimated to be close to 1 (>0.98). In addition, it is infeasible to do so because 

of machine time and manual efforts needed. Thus, Monte Carlo simulations were used 

in this project instead of real clinical measurements. 

2.1.1 Group design 

 Clinical cases were screened from the database at Department of Radiation 

Oncology of UNC from January to October in 2018 (Table 1). Among these cases, 

applicators with cone size of 10, 14 or 15, 20 cm have mostly been used for treatment. 

Only six cases with 6 cm applicator existed (for eye treatment only), and no case was 

found with larger cones (over 20 cm). Based on these facts, cases with cone size of 10, 14 

or 15, 20 cm were selected in this project.  
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 For cutouts in selected clinical cases, 10 cm cone cases (C10) consisted of similar 

cutouts compared to 14 or 15 cm cases (C14). Thus, cutouts were shared for C10 and C14 

cases by scaling. Cases with 20 cm cone (C20) were mainly for scar treatment resulting in 

slim cutouts. This made cutout shape for C20 cases unique, thus they could not be 

shared by scaling with C10 and C14 cases. In summary, 257 shared clinical cutouts after 

scaling were used for C10 and C14 cases, and 24 clinical cutouts were used for C20 cases.  

Table 1: Screened clinical cases for electron beam radiation therapy 

Cone size (cm) Total 

6 or less 6 

10 149 

14 or 15 108 

20 24 

25 or more 0 

 

To solve the problem of sparse training data, additional cutouts were created 

based on screened clinical cutouts in two ways.  First, small adjustments (e.g. addition, 

subtraction and scale) were applied to a given clinical cutout to generate multiple 

cutouts. These new cutouts were not exactly the same but similar to the original one 

(Figure 13). Second, several cutouts were created randomly not based on any used 

clinical cutouts in case these screened cutouts were not sufficient to cover all possible 

cases in clinic. These random cutouts had different shapes, but extreme cases were 
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avoided including extremely small (less than 3 cm´3 cm) and severely concaved cutouts. 

In total 600 cutouts were created for each energy and cone combination. 

 

Figure 13: An example of creating new cutouts with addition, subtraction and 
scale. 

An Elekta Versa linac at UNC was selected for this project. This machine can 

deliver electron beams with four energies (6, 9, 12 and 15 MeV) and five cone sizes (6, 10, 

14, 20, 25 cm). As discussed before, 6 and 25 cm applicators were not often used for 

treatment. Thus, 12 groups were designed combining four energies (E6-E15) and three 

cone sizes (C10-C20). In addition, most patients were treated with standard SSD setup 

(SSD = 100 cm) thus these 12 groups were also set with standard SSD setup. Table 2 

shows the summary of group design. 
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Table 2: Summary of group design 

Group settings 

Groups E6C10, E9C10, E12C10, E15C10, E6C14, 

E9C14, E12C14, E15C14, E6C20, E9C20, 

E12C20, E15C20 (12 in total) 

Energies 6, 9, 12, 15 MeV 

Cone sizes 10, 14, 20 cm 

Bolus None 

SSD 100 cm 

Cutouts for each group 600 

 

2.1.2 Create plans for each case in RayStation 

 RayStation 6.2 (RaySearch Laboratories AB) TPS was used for this project. 

RayStation contains several sections which were used in this project including ‘Patient 

Data Management’ for importing water phantom, ‘Patient Modeling’ for creating 600 

cutout contours for each group, and ‘Plan Design’ for creating plans. These electron beam 

treatment plans were created with 600 beams and 600 cutouts for each group, and Monte 

Carlo simulation was used to calculate cutout factors for all beams. 

  Plans were created with three steps in RayStation. First, in section ‘Patient Data 

Management’ a digital image set of 30´30´30 cm3 cubic with water density was imported 

(Figure 14).  
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Figure 14: 30´30´30 cm3 cubic water phantom in RayStation. 

 Second, in section ‘Patient Modeling’ 600 contours were created in coronal view 

with the methods described before (Figure 15). 

 

Figure 15: An example of created contours in RayStation. 
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 Last, in section ‘Plan Design’ beams were created for each group with standard 

SSD setup. Then cutout shapes were created by conforming all beams to previously 

created contours as treatment targets. In this project, dose was calculated for beams in 

batch, delivering ten beams with 1000 MU at one time in a plan. Figure 16 shows an 

example of a plan for group E9C10. 

 

Figure 16: A plan with 10 beams for group E9C10. 

After these steps above, 60 plans with 600 cutouts were created for each group, 

and these plans were ready for Monte Carlo dose calculation. 
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2.1.3 Calculation of cutout factors using Monte Carlo method 

In RayStation, electron cutout factors can be calculated by Monte Carlo 

simulation which was already commissioned for the linac used in this project. To 

confirm the accuracy of Monte Carlo, cutout factors of 35 previously treated cases were 

calculated by Monte Carlo method and the results were compared with the measured 

values. 

 Cutout factors were calculated by Monte Carlo simulation following an in-house 

protocol. Dose grid size was set to be 0.3 cm/voxel, and histories was set to be 1,000,000 

per cm2. In general, dose calculation for one beam took 10 minutes thus 100 minutes for 

one plan with 10 beams and approximately 100 hours for one group on RayStation 

server. After Monte Carlo calculations, dose at dmax for each beam was recorded, and 

then cutout factor for this beam was calculated by: 

&' =
!lm

1000,-. &'1678
 

where CFcone (cGy/MU) is the calibration factor measured during beam commissioning at 

cone center and dmax in the phantom, and !lm  is Monte Carlo dose at cutout center and 

dmax. All cutout factors were calculated by the same method for each group, which 

would be used for model training. 
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2.2 Model development 

Modeling of electron cutout factors can be considered as a regression problem, 

matching the given cutout shapes as inputs to the cutout factors as outputs. ResNet was 

modified in this project to find the appropriate regression. 

2.2.1 Distance histogram for cutouts 

Two limitations exist for traditional CNN models including ResNet. First, inputs 

of CNN models are usually 2D images which usually contain more than thousands of 

pixels. Deep CNN models contain large number of weights required to train.  Both pose 

challenge for training models efficiently especially for computers without high-end 

dedicated graphics processing unit (GPU). Second, one assumption of electron cutout 

factor prediction in clinic is that cutout factors are rotation and shift invariant. This 

means rotations and shifts of a cutout without changing its shape do not change the 

cutout factor significantly. Traditional CNN model does not have the property of shift 

and rotation invariance. Thus, additional data augmentation with rotations and shifts is 

required for training these models, and this increases the training time and difficulty.  

To overcome these limitations, a 1D distance histogram was introduced as a 

substitute of a 2D cutout image as the input of ResNet models. Distance histogram for a 

given cutout was calculated by four steps as below. First, a script written in python was 

used to directly obtain the coordinates of cutout outline in RayStation. These coordinates 



 

 32 

were not uniformly sampled thus resampling with linear interpolation was done to 

reconstruct the cutout image with complete cutout outline. The size of this cutout image 

is set as 369´369 for all groups with different cone sizes. Figure 17 shows an example of 

a cutout, coordinates obtained by scripting and resampled cutout image.  

 

Figure 17: An example of cutout, coordinates, and resampled cutout image. 

Second, a point at the center of cutout was selected. This point was the same 

point that was used for cutout factor calculation. Third, relative distances between all 

cutout points and the selected central point were calculated (unitless, normalized by 

cone size). Last, a 1D histogram was generated based on these calculated relative 

distances: 

!n(<Y) =
∑<(< = <Y)

W
 

where N is total number of cutout outline points for normalization. The resolution of 

distance histogram was one percent of cone size. Thus, the length of distance histogram 

was calculated by estimating the maximum distance between cone center and corner: 
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<E#C_A@$=)> = 100 ×
√2

2
≈ 70 

 Figure 18 shows three representative clinical cutouts and calculated histograms.  

 

Figure 18: Histograms for three clinical cutouts. 

2.2.2 ResNet model structure 

 Figure 19 shows the design of a residual block with two convolution layers, an 

ELU activation function for non-linearity, and a BN layer for regulation. Figure 20 shows 

the design of a linear block including a linear layer, a BN layer and a dropout layer 

reducing the risk of overfitting. Figure 21 shows the overall structure of ResNet used for 

this project, including four residual blocks and three linear blocks.  
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Figure 19: Structure of a residual block. 

 

Figure 20: Structure of a linear block. 
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Figure 21: Overall structure of ResNet used in this project. 
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2.3 Model training 

 For each group, one model was trained with 400 randomly selected cutouts, 

validated on 50 samples and tested on 150 samples. Training data was directly used for 

model development. Evaluating data was used for monitoring the training process, 

especially for reducing the risk of overfitting with early stop. Testing data was used to 

evaluate the model performance post training.  

 Pytorch package with python language was used to create and train ResNet 

models. These models were trained with minibatches, the size of which was 128. Adam 

(adaptive moment estimation) was used for optimization, and mean percentage error 

(MPE) was used for loss function which was calculated by: 

!"# =
∑max	(100 × |/012345367 − 9:;1<371|9:;1<371 − 0.4, 0)

A  

where N is the number of samples with an error larger than 0.4%. Thus, MPE calculated 

the average percentage error of the minibatch samples when the errors were larger than 

0.4%. A constraint of 0.4% was set to account for the uncertainty of Monte Carlo 

simulation since the repeated calculated dose would be slightly different even with the 

same setting. This loss function was used instead of mean square error (MSE) mainly 

because MPE is easier for monitoring the training process. Average percentage error is 

essential to evaluate how well a model is trained and whether the performance meets 

clinical standard. The model was trained with an initial learning rate of 0.1. A learning 
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rate decay strategy was used, reducing the learning rate by a factor 0.1 if no 

improvement was found within 5 epochs. Table 3 summarizes the hyperparameters set 

for training. 

Table 3: Hyperparameters used for model training. 

Hyperparameters  
Batch size 128 
Optimization Adam 
Loss MPE 
Initial learning rate 0.1 
Learning rate decay 0.1 if no improvement in 5 epochs 

  

Models were usually trained through two stages. For the first stage, large initial 

learning rate was set, thus the training loss dropped quickly. Usually this stage finished 

within 20 epochs which spent approximately 30 seconds of training time. For the second 

stage, models were trained through multiple times based on the models trained in the 

first stage, and then models with the best performance were selected. During this stage, 

learning rate became smaller because of decay strategy. Both training errors and 

validating errors were carefully monitored for early stop. Figure 22 shows an example of 

two stages learning curves. 

Models were considered to be well trained when average errors were within 1% 

and maximum errors were less than 2% for both training and validating datasets. 
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Figure 22: An example of two stage learning curves. 

2.4 Model performance evaluation 

 Each of 12 trained models were tested with 150 testing data. Average error with 

standard deviation was calculated and an error histogram was generated for each group. 

In addition, an overall average error with standard deviation for all groups was 

reported.  

 To compare the accuracy of square root method and our ResNet model 

performance, the cutout factors of eight irregular cutouts were calculated by both 

methods and compared. 
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3. Results 
3.1 Monte Carlo accuracy 

The Monte Carlo calculated cutout factor agreed with the measurement within 

0.7±0.5 % for 35 clinical cases.  Figure 23 and Table 4 show eight representative cutouts 

and their measured and calculated cutout factors.  

 

Figure 23: Eight representative clinical cutouts for measurements and 
calculations. 
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Table 4: Measured (MS) and calculated (MC) cutout factors for eight clinical 
cutouts. 

Case Cone size (cm) Energy (MeV) MC CF MS CF %diff 
1 10 12 0.912 0.911 0.1 
2 20 6 0.976 0.970 0.7 
3 20 9 0.981 0.978 0.3 
4 20 9 0.982 0.991 0.9 
5 20 6 0.974 0.970 0.4 
6 15 6 0.974 0.980 0.6 
7 15 12 0.933 0.939 0.6 
8 14 15 0.960 0.967 0.7 

 

3.2 Accuracy of trained models 

 Table 5 shows the summary of model prediction accuracy for all 12 groups with 

150 testing data for each. Figures 24-35 show error histograms for all groups. The overall 

average difference between model prediction and Monte Carlo simulation for all 1800 

testing samples is 0.2%. Average errors for each of the 12 groups are below 0.3%, and all 

maximum errors are within 1%. No obvious trend has been found between accuracy and 

energy or cone size. Average errors for groups with 10 cm cone are slightly larger 

probably because cutouts are relatively smaller, and this results in larger range of cutout 

factors. 
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Table 5: Prediction errors for trained models. 

Cone size (cm) 6 MeV 9 MeV 12 MeV 15 MeV 
10 0.20±0.15% 0.23±0.19% 0.23±0.19% 0.24±0.18% 
14 0.17±0.13% 0.19±0.13% 0.18±0.13% 0.19±0.14% 
20 0.16±0.13% 0.17±0.13% 0.24±0.19% 0.23±0.19% 
     
   Total: 0.20±0.16% 

 

 

Figure 24: Error histogram for E6C10 group. 

 

Figure 25: Error histogram for E9C10 group. 
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Figure 26: Error histogram for E12C10 group. 

 

Figure 27: Error histogram for E15C10 group. 

 

Figure 28: Error histogram for E6C14 group. 
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Figure 29: Error histogram for E9C14 group. 

 

Figure 30: Error histogram for E12C14 group. 

 

Figure 31: Error histogram for E15C14 group. 
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Figure 32: Error histogram for E6C20 group. 

 

Figure 33: Error histogram for E9C20 group. 

 

Figure 34: Error histogram for E12C20 group. 
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Figure 35: Error histogram for E15C20 group. 

3.3 Comparisons of square root and ResNet model prediction 
accuracy 

 Figure 36 shows eight selected irregular cutouts. Table 6 shows the cutout factors 

of these cutouts using Monte Carlo simulation, square root and trained models. ResNet 

model prediction is more accurate on average (0.35% error) compared to square root 

(0.84% error). Performance of square root seems fairly accurate for most of cutouts, but 

accuracy drops for extreme cutouts which are more unbalanced and concave (red in 

Table 6). 
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Figure 36: Cutouts used to evaluate the accuracy of square root and ResNet 
model. 

Table 6: Errors for cutout factor estimation using square root and ResNet 
model. (MC for Monte Carlo simulation, ML for model prediction, and SR for square 

root method) 

Index MC CF (ref) ML CF %Diff SR CF %Diff 
1 0.945 0.948 0.32 0.931 1.50 
2 0.955 0.959 0.39 0.961 0.65 
3 0.959 0.959 0.03 0.963 0.43 
4 0.983 0.975 0.80 0.977 0.65 
5 0.972 0.970 0.22 0.965 0.76 
6 0.953 0.959 0.65 0.959 0.69 
7 0.937 0.936 0.10 0.939 0.18 
8 0.945 0.948 0.28 0.928 1.83 
  Avg. 0.35 Avg. 0.84 
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4. Discussion 
4.1 Is Monte Carlo simulation accurate enough? 

In this project, the training data of ResNet models came from the calculated 

results using Monte Carlo simulation in RayStation at UNC. Generally, the performance 

of a trained model heavily depends on the quality of training data, thus Monte Carlo 

simulation is required to be sufficiently accurate. One study reported the errors of 

Monte Carlo electron dose calculation in RayStation were below 1% on average and all 

within 2%25. These errors are also consistent with commissioning data of the linac used 

in this project. 

Compared with individual dose, errors should be even lower for cutout factors 

because cutout factors are a dose ratio, which cancels out some uncertainty of absolute 

dose. The accuracy of Monte Carlo predicted cutout factors was tested with 35 irregular 

clinical cutouts, and average difference between prediction and measurement was 

within 1%. Therefore, Monte Carlo in RayStation is accurate enough as a baseline to 

calculate cutout factors in this project. 

4.2 Advantages and disadvantages of using distance histogram 

 Distance histogram is a new concept proposed in this project to simplify deep 

learning models to accelerate the training process with better efficiency and accuracy. 
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Unlike traditional CNN models’ inputs, distance histogram converts a 2D image into a 

1D vector, thus a more efficient 1D CNN model can be used.  

 Several advantages exist with this approach. First, a 1D histogram significantly 

reduces the computation and model training time. The size of a histogram is 70 which is 

about 143 times smaller compared to a 2D image with the same resolution. This is 

beneficial for computers without a sophisticated dedicated GPU card. Also, 1D models 

consist of 3 times fewer weights, and this makes the training process much more 

efficient with less epochs. Using distance histogram for training, models can converge 

within 20 epochs with 30 seconds, which should be much faster than training with 2D 

images.  

 Second, distance histogram is shift and rotation invariant. Assuming electron 

beams are central symmetric, rotating the cone does not change the dose at field center. 

The same idea can also be applied to cutout fields. It has also been observed that the 

shift of cutout normally has minimal impact on the cutout factor. Thus, distance 

histogram is beneficial for this project which excludes the unnecessary samples just with 

rotations and shifts variant. 

 Two limitations exist for this data simplification method. First, the histogram 

loses the detailed shape information compared to a 2D image. This method may not be 

applicable to other traditional problems using CNN like object recognition. Second, the 
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assumption of shift and rotation invariance may not always be correct because it ignores 

beam divergence effect. For very small or slim cutouts with a large shift off the cone 

center, cutout factors may change more than 1%. However, most clinical cutouts are not 

very small and also created close to the cone center, which makes the contribution of off 

axial effect small (<1%). 

4.3 Model performance 

 The requirement of accuracy of electron beam output is normally 2% per AAPM 

TG 142 recommendation59. Thus, the model performance should meet this standard. 

Cone factors are often carefully measured during the commissioning and annual QA 

with a water tank. On the other hand, patient specific cutout factor is one of the main 

factors that introduce uncertainty to the dose output of an electron beam. The accuracy 

of computation based method to determine the cutout factor is algorithm dependent. 

The errors of Monte Carlo used in this project are within 1% for most of clinical cutouts. 

Considering of this, errors of model predictions should be also within 1% on average for 

most of cases which achieve the 2% clinical goal. 

 As shown in Table 6, all 12 models achieved the goal individually. The overall 

error is 0.20±0.16%. For error histograms, maximum discrepancy is different for each 

case but all within 1%.  
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4.4 Is deep learning a better choice compared to square root? 

 Square root is currently one of the most popular methods for cutout factor 

estimation. This method was designed at first for rectangular fields only, but irregular 

cutouts can be estimated with equivalent rectangular shapes thus square root can also be 

used for this type of cutouts in clinic. However, the accuracy for highly irregular cutouts 

using this method is suboptimal. As shown in Figure 41 and Table 7, square root method 

works well for most irregular cutouts but not for those with greatly concaved or 

unbalanced shapes. Deep learning method predicts the cutout factor more accurately as 

long as similar shapes were trained in the model. Deep learning model seems to perform 

better for special cases compared to square root method. 

 Deep learning method has its own disadvantages as well. First, this method 

highly depends on the accuracy of training data. Second, overfitting cannot be 

completely avoided even with techniques like dropout when training data is limited, 

thus prediction accuracy for an unknown cutout cannot be guaranteed. The only way to 

fully overcome this disadvantage is to use a more accurate and complete dataset 

 Deep learning method developed in this project predicts the cutout factors more 

accurately than square root method. The square root method still has its unique 

advantages which may not be totally replaced by any other methods soon. Deep 

learning application may be deployed more in the future due to its power and potential 
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for more improvement. The performance of deep learning models can be improved with 

better training data and more effective model structure. On the other side, limited 

improvements are possible for square root and Monte Carlo methods. 

4.5 Future work 

Currently this deep learning method is only trained for standard SSD setup 

without a bolus. For different SSD setup, the cutout factor should be different mainly 

because of the different scattered dose due to change of the distance between the cutout 

and the patient. Commonly used bolus in clinic is water equivalent and the use of the 

bolus has the same effect of reducing SSD. When corresponding data become available, 

the same model can be trained for other SSDs with bolus.  

In clinic, cutout factors larger than 0.98 are often ignored because the tolerance of 

monthly QA electron output constancy is 2%. A future project is to estimate whether 

cutout factor for a given cutout can be ignored (>0.98). Currently a rule of thumb is that 

cutout factors can be ignored if minimum width of a cutout is larger than half of the 

energy in cm. However, this estimation may not always be true especially for cutouts 

with high aspect ratio. More analyses are needed to find a better correlation. 

In addition, a method can be designed to estimate the model performance of a 

given unknown cutout. One assumption is that correlation may exist between model 

prediction error and similarity between the new cutout and the training samples. Thus, a 
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similarity index can be calculated (e.g. mutual information) for each new cutout, and 

this index can be used to estimate the model prediction error. 
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5. Conclusion 
  A ResNet deep learning model was developed to predict the electron cutout 

factor. The issue of sparse training data was resolved by data augmentation with Monte 

Carlo simulations. Distance histogram significantly reduce the size of model inputs and 

the number of weights need to train, which greatly accelerated the training process. For 

all groups tested, the model can predict the cutout factor instantly and accurately for 

clinical use. The model prediction is much less computationally intensive compared to 

Monte Carlo simulation and can better handle the cutouts with highly irregular shapes 

compared to square root method. 
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