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Abstract— Great progress has been made on machine learning 

and its applications are expanding rapidly nowadays. Through the 

case study of optimizing a magnetron injection gun for gyrotron 

devices, the functions of machine learning were investigated by 

using two supervised learning algorithms, regression trees and 

artificial neural networks. They showed excellent performance in 

predicting the outputs, exploring the importance of the input 

parameters and the relationship with the output parameters. 

Machine learning can be a useful tool in the development of 

microwave vacuum electron devices. 

Index Terms— machine learning, microwave vacuum electron 

device, magnetron injection gun, regression tree, artificial neural 

networks, supervised learning.  

I. INTRODUCTION

Microwave vacuum electron devices (MVED) have a long 

history dating back to the 1930s when the magnetrons and the 

first coherent radiation sources the klystron led to revolutionary 

advances in microwave applications [1, 2]. Since then many 

different types of vacuum electron devices have been invented 

with their applications expanded to underpin society's needs 

from air traffic control to medical radiotherapy treatments. In 

the early days, the major advances in MVED's development 

were achieved by improving the machining and adaptive design 

by trial and error. This development process is long and greatly 

relied on the developer’s experience. Approaching 100 years 

for the invention of the magnetron and klystron, one of the 

major research areas nowadays is millimeter and sub-millimeter 

MVEDs [3]. As the operating frequency becomes higher, the 

machining requires tighter tolerance and the previous design 

process becomes increasingly expensive. Computer-aided 

design (CAD) is now playing an increasingly important role in 

the development process.  

Various methods have been developed for the design of 

MVEDs, for example the linear and nonlinear models and 

particle-in-cell (PIC) method [4] to simulate different beam-

wave interaction circuits, the beam optics based on particle 

tracking or PIC for the electron gun and collector design, the 

finite-difference time-domain (FDTD), mode-matching (MM), 

method of moments (MoM), multilevel fast multipole method 

(MLFMM), and others that can be used to design the waveguide 
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components such as the input/output couplers and microwave 

windows [5, 6].  

Benefiting from the advances in computer science and the 

boost of the computing resources in recent decades, global 

optimization algorithms, such as the Simulated Annealing 

Algorithm, Evolutionary Algorithms, Stochastic Methods, 

Particle Swarm Optimization, and others, have been used to 

explore the parameter space and search for the optimal design 

of different components in MVEDs [7-10]. However, one of the 

challenges is the long overall optimization time it needs when 

the free parameter number is large. Another challenge is the 

components to be designed normally have to satisfy multiple 

requirements, for example, the gain, bandwidth and frequency 

for an interaction circuit. The optimal design is normally a 

trade-off between these parameters. Multiple objective 

optimizations are possible solutions however they require 

longer computing time. 

In recent years, the huge leaps in machine learning and data 

mining make them revolutionary techniques and greatly impact 

many areas such as self-driving, finance, image classification, 

and so on [11]. Alpha Go, a computer program that combines 

advanced search trees with deep neural networks, beat a Go 

world champion in 2016 [12, 13]. It is a landmark achievement 

that shows artificial intelligence based on deep learning can 

make better decisions than humans in the most challenging 

classical game of Go. Machine learning can possibly be a useful 

tool in the development of MVEDs since it helps explore the 

relationships between coupled parameters. It is a powerful tool 

that enables the researcher to use them to investigate deeper into 

the problem and reduce the complicity and reduce the 

optimization time. 

In this paper, the machine learning algorithm that suits the 

design of MVEDs was investigated and is presented in section 

II. The functions and performance were studied via the case

study of optimizing a magnetron injection gun (MIG) for

gyrotron devices, as presented in sections III and IV. Section V

concludes the findings on the potential of machine learning

technology in the MVED research field.
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II. MACHINE-LEARNING ALGORITHMS THAT SUIT MVED 

DESIGN 

Machine learning algorithms aim to optimize the 

performance of a certain task by using examples and/or 

experience [14-16]. They can be divided into three categories, 

supervised learning, unsupervised learning, and reinforcement 

learning. Each category includes different algorithms as briefly 

listed in Table 1. New algorithms are been invented as a result 

of rapid development in various research fields, and they can be 

found in recent review papers [17-19]. This paper does not 

intend to dive deeply into each method as this can be achieved 

by reviewing the referenced papers but to select the suitable 

methods for MVED’s development. Supervised learning is 

trained from data with labeled outputs. After training and 

validation, it can be used to predict the outcomes from unknown 

inputs. Unsupervised learning does not have labeled outputs for 

training. The method tries to find the hidden pattern directly 

from the input data. It can be used to find the connections and 

clusters among the inputs. Reinforcement learning is used to 

find the optimal strategy from interactions, for example, self-

driving and games.  

 

Table 1 The classification of the deep learning algorithm [20]. 

Unsupervised 

learning 

Principal Component Analysis; DBSCAN; 

K-means; Hierarchical clustering. 

 

Supervised 

learning 

Decision Tree; Naive Bayes; Neural 

Networks; Support vector Machine; linear 

regression; logistic regression; Similarity 

learning. 

Reinforce 

learning 

Monte Carlo; Deep Q Network; 

State–action–reward–state. 

 

One of the common features in the design of MVED 

components is that their performances can be relatively 

accurately predicted by solving Maxwell equations, or the 

coupled equations between Maxwell equations and Lorentz 

equation when a beam-wave interaction is considered. However, 

the large number of variations in the boundary conditions and 

the long computing time for each parameter set make it not 

practical to travel over the whole parameter space. As a result, 

the sample data that can be used in machine learning contains 

labeled outputs, and the number of sample data is relatively 

small, on the scale of tens of thousands or smaller. Supervised 

learning is therefore a better option as the labeled data can be 

used for training and predicting performance.  

Artificial neural networks [21, 22] and decision trees [23, 24] 

are two major supervised learning algorithms. Artificial neural 

networks are inspired by biological neural networks that are 

based on a collection of neurons. It naturally has the advantage 

of exploring the nonlinear relations between the inputs and 

outputs. The network can be trained to fit (or learn) any samples 

and predict the results from given inputs after training. The 

artificial neural networks operate as a black box. When the 

network size is large and a complicated neuron connection 

model is used, it will be hard to interpolate the relationship 

between the inputs and outputs. Decision tree models are 

regarded as white boxes. They were initially used to represent 

classification rules on the input attributes. The decision-making 

process can be visualized and provide more information on the 

connections among the input data or features. A regression tree 

is a type of decision tree that can deal with continuous output 

values. Its disadvantage includes overfitting the training data to 

reduce the actual prediction accuracy when the relations 

between the inputs and outputs are complicated. The regression 

trees are normally for single output while artificial neural 

networks can deal with multiple-output problems. In this paper, 

both methods were used. 

Benefiting from the rapid development of deep learning 

algorithms and architectures, many commercial and open-

sourced machine learning packages have been developed with 

excellent flexibility and are convenient to use. For example, the 

machine learning package in Python Scikit-learn [25], the C++ 

library SHARK [26], and the Statistics and Machine Learning 

Toolbox in MATLAB [27]. This allows the researchers to 

process their data without knowing every detail of the machine 

learning algorithm. 

III. THE CASE STUDY USED IN THE RESEARCH 

Among the components in an MVED, the interaction circuit 

requires the most resource when the PIC method is used. The 

passive components require less computing resource since no 

electrons are needed in the simulations. The complexity of 

electron guns design lies between these two cases. The 

magnetic-field immersed guns, including the MIG [28] and 

cusp electron gun [29] for the gyrotron devices are more 

complicated. In this paper, the MIG gun was used as a case 

study. Although a theoretical model based on the conservation 

of angular momentum can be used to estimate some parameters, 

and a synthesis method was developed to provide a good 

starting point for the design, further optimization was still 

required as the electric and magnetic fields have to match well 

to achieve an optimal design.  

A schematic of the standard triode-type MIG is shown in 

Fig. 1 [30]. Its geometry is to be determined by the parameters 

labeled in Fig. 1. Together with the parameters used to define 

the magnetic field, there were 15 parameters to be optimized. 

From the theoretical model and the experience in the electron 

gun design, the geometry parameters were strongly coupled 

with each other and the relations among them were 

complicated. The variation of one parameter could possibly be 

compensated by a combination of other parameters, which 

makes it more difficult to find a systematic way to achieve an 

optimal design by manual tuning. 

 
Fig. 1 The parametrized geometry of the triode-type MIG. 

 

The challenge in the optimization is the long computing time 

needed. Most computer resources are consumed by processes 

that calculate the particles’ trajectories. An iteration process 
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was used to consider the space charge effect. Normally, 12-20 

iterations are normally needed until the solution converges, 

depending on the strength of the space charge force. When also 

considering the effect of thermal velocity spread and angular 

spread of the electrons emitted from the cathode, larger electron 

samples are needed to represent the distribution. To achieve a 

higher simulation accuracy, fine meshes are used because the 

trajectories can be sensitive to the magnetic field.  

A MIG gun was simulated and optimized using the genetic 

algorithm for a high-power gyroklystron [30]. The genetic 

algorithm is inspired by natural evolution [31, 32]. It stimulates 

the natural selection process with a certain population generated 

by crossover, reproduction, and mutation from the initial 

individuals. Those individuals with higher fitness scores have a 

higher chance to be kept and used to generate the springs. To 

find a global optimal MIG gun geometry and to avoid trapping 

in a local minimum, the parameter ranges were set relatively 

large which leads to large parameter space. a large population 

size of 100 was used, and the mutation rate was set relatively 

high. The optimization was stopped after 400 generations. The 

computing time for the whole optimization process is three 

weeks on a PC with a 10-core Intel Core i9 CPU and 32 GB 

RAM. More details on the simulation setup and final optimized 

results can be found in the paper [30]. 

During the optimization, it was found that many parameter 

sets were labeled as a “bad beam transportation rate” as the 

entire electron beam did not reach the interaction region, whose 

location was defined at the exit of the electron gun region. 

Multiple geometries and magnetic field parameters contribute 

to this after carefully examining the trajectories of the electrons. 

When the acceleration electric field strength at the radial 

direction is too high or the magnetic field at the emitter surface 

is too low, the electrons may not have enough axial momentum 

and will directly strike on the modulation anode. When the 

transverse-to-axial velocity ratio (beam alpha value) at the 

acceleration region is high, the axial velocities of the electrons 

will keep reducing at the magnetic field compression region and 

the electrons will eventually be reflected back to the cathode 

due to the magnetic mirror effect.  

The genetic algorithm was not able to discover the physics 

inside the electron gun design and the connections among the 

parameters. It was unavoidable that a large computing resource 

was “wasted” to simulate the “bad” parameter sets. If the 

performance of these parameters can be predicted before the 

simulations, then it would significantly speed up the 

optimization process.  

 
Fig. 2 The structure of artificial neural networks. 

 

In this paper, both the artificial neural networks and decision 

trees were used to explore the in-depth connections among the 

geometry parameter, magnetic field parameters as well as beam 

quality of the given parameter set. For both supervised learning 

processes, the inputs were those parameters used for the 

electron gun simulations. 70% of the input data was used for 

training and 30% was used for validation. The regression trees 

were trained with Least-squares boosting and a training 

iteration of 2000. The feedforward neural networks were 

chosen as the artificial neural networks with a hidden layer size 

of 50 and a delay layer size of 20, as shown in Fig. 2. The 

Levenberg-Marquardt algorithm was used as the training 

function. 

IV. SIMULATION RESULTS 

Different functions of the machine learning algorithm were 

examined, including:  

(a) identity of the “bad” parameter sets 

Data mining can assist to identify the “bad” parameter sets 

whose beam transportation rate is poor without the need of 

running the particle tracking simulations. In supervised 

learning, the beam transportation rates calculated from the 

simulation results were used as the labeled output for training 

and validation. After the validation, the artificial neural 

networks and the regression trees were used to predict the 

transportation rate of future populations of the genetic 

optimization algorithm. The parameter sets predicted with a 

beam transportation rate less than 100% were identified as 

“bad” parameters otherwise it would fall within the “good” 

parameters set, which became a classification problem. The 

prediction accuracy on the transportation rates for both machine 

learning algorithms as the function of generation number is 

shown in Fig. 3.  

The sample data number is the product of generation number 

and population size (100 in the optimization). Both algorithms 

had similar excellent performance. The accuracy rate was 

higher than 94% after 4 generations, which was surprisingly 

high since only a small number of the sample data (400 in this 

case) was required. Further increasing the sample number 

would increase the prediction accuracy, however, the accuracy 

only became stable after 10000 sample data (100 generations). 

The improvement was not significant considering the sample 

data used. As only those parameters been predicted to have 

unity transportation rates were used for the particle tracking 

simulations, a 94% prediction accuracy resulted in 28% of the 

particle tracking simulations being saved which could 

significantly reduce the optimization time. 

 
Fig. 3 The prediction accuracy of the artificial neural networks 

regression trees as the function of the generation number. 
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(b) Explore the relations between the inputs and outputs 

The regression tree can visualize the tree been built and show 

the importance of the input parameters. Fig. 4(a) shows the 

importance of the input parameter on the transportation rate, 

and Fig. 4(b) shows the main branch of the regression tree. It 

showed the transportation rate was mainly determined by the 

gap distance of the cathode to modulation anode (X4), the 

magnetic field angle at the cathode (X10) which was not 

predicted from the theoretical analysis, magnetic field 

compression ratio (X12) and the voltage of the modulation 

anode (X13). The most significant parameter was the gap 

distance of the cathode to the modulation anode. A small gap 

distance would result in a strong radial electric field. The 

electrons might propagate straight across and strike the 

modulation anode surface if the magnetic field was too weak to 

bend the electrons.  

The relation among the parameters was nonlinear. The 

regression tree can simplify the complicated relations and 

provides more suitable parameter ranges, which is useful to 

narrow down the parameter space during the optimization. A 

low beam loss can only be obtained by proper combinations of 

X4, X12, X13 and X10, which are marked as the branches in 

thicker wires in Fig. 4(b). The compression ratio should not be 

too big, and the suggested parameter range could also be 

obtained from the regression tree model. And by giving a 

modulation anode voltage, the electron beam could reach the 

interaction region by changing the gap distance X4 or the 

magnetic field angle. Other parameters also affected the beam 

transportation rate. However, their contribution was relatively 

small, which could be examined from other branches. 

 
(a) 

 
(b) 

Fig. 4 The dependence of the parameters to the beam lost rate (a), and 

the structure of the main branch of the regression tree (b). 

 

The output of the optimal MIG gun not only required a high 

beam transportation rate but also the desired beam properties, 

including the beam guiding center, average alpha value and the 

spread. One of the optimization goals was to achieve the desired 

alpha value with a minimum spread value, which was expressed 

as 𝑓1 = (∑ (𝛼𝑛 − 𝛼𝑑𝑒𝑠𝑖𝑟𝑒𝑑)2
𝑛 )0.5.  

A similar analysis was used to study the relationship between 

𝑓1 and 𝑋𝑖, as shown in Fig. 5(a), and the tree branch to achieve 

the small 𝑓1 value is shown in Fig. 5(b). The most important 

parameters were X12, X13 and X4, which are the same as in 

Fig. 4(b). The magnetic field compression ratio (X12) was the 

most important parameter which agreed with the theoretical 

prediction. X4 and X13 were nearly equally important. In the 

theoretical analysis, they were a pair of parameters that could 

be adjusted accordingly to maintain the center alpha value. The 

partial dependence plot of the regression tree could provide 

more information, as shown in Fig. 5(c). In the area close to the 

minimum 𝑓1 , either increasing X4 or reducing X13 would 

achieve similar 𝑓1, as marked by the arrows in Fig. 5(c). It also 

showed how sensitive 𝑓1 depended on X4 and X13. The alpha 

spread grew rapidly if X4 was too small (<0.1).  

As shown in Fig. 5(a), X10 was not as important as X12, X13 

and X4, which indicated that if the whole beam could reach the 

interaction region, then the magnetic field angle had a relatively 

large tuning range to maintain a small alpha spread.  

 
(a) 

 
(b) 

 
(c) 
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Fig. 5 The dependence of the parameters to the alpha spread (a), the 

structure of the main branch of the alpha spread (b), and the alpha 

spread as the function of X4 and X13 (c). 

 

 

 

(c) predict the performance of parameter sets 

The artificial neural networks and regression trees can also 

predict the goal function values of the new parameter sets 

without running the particle tracking simulations. In the genetic 

optimization algorithm, the goal objective was a combination 

of beam properties and the optimal design was a trade-off of 

these requirements. The predicted values obtained from the 

machining learning algorithms would have errors compared 

with the ones from the particle tracking simulation due to the 

complexity of the goal function, which could be expressed as 

∆= abs(𝑓𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑/𝑓𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 − 1) . When evaluating the 

prediction accuracies of the regression trees and the artificial 

neural networks, the correct prediction was counted to have the 

error ∆  within a defined value. Fig. 6 shows the results at 

different tolerate error levels. 

The regression trees had poor prediction accuracy at tight 

tolerate error. A 75% prediction rate was achieved if ∆≤ 15%. 

It showed that the regression trees did not fit well for 

complicated nonlinear problems. The artificial neural networks 

showed much better performance and the prediction accuracy 

was close to 90% at ∆≤ 10% . Both algorithms had better 

prediction accuracy when more training data was used. 

Artificial neural networks converged faster (~120 generations) 

and required less training data.  

 
Fig. 6 The prediction accuracies of the goal function by regression 

trees and neural networks with different tolerate errors Δ. 

 

V. DISCUSSIONS 

Two supervised learning algorithms, regression trees and 

artificial neural networks, were down-selected as the machine 

learning algorithms in the design of microwave vacuum 

electron devices. Through the case study of optimizing a MIG 

for gyrotron devices, the functions of the machine learning 

algorithm were explored. They include:   

(1) Identify the “bad” parameter sets. Both regression trees 

and artificial neural networks can achieve high prediction 

accuracy for such classification problems at a small number of 

sample data. When integrating this feature into an optimization 

routine, a significant optimization time can be saved, ~28% in 

the case study. 

(2) The regression trees can be visualized and show the 

importance of the input parameters. They are excellent tools to 

explore deep inside the importance of the initial input 

parameters and to gain knowledge on the components to be 

designed, to constrain the parameter ranges and narrow down 

the parameter space, and to discover novel beam-wave 

interaction circuits and advance the research in millimeter and 

submillimeter-wave MVEDs. 

(3) Predict the performance of the components under 

investigation. A relatively large number of training data is 

required to achieve a converged prediction accuracy. The 

training data size was ~8600 in the case study and fewer data 

may be needed depending on the problem to be solved. With 

the same training data set, artificial neural networks have much 

better prediction accuracy than regression trees. 

It should be noted that in the case study, the trained network 

is an assistant to the multiple-objective genetic optimization. 

The number of particle tracking simulations can be significantly 

reduced by further applying the knowledge learned. For 

example, if the importance of the parameters is known, the 

particle tracking simulations can be carried out more effectively 

on more important parameter sets, and the parameter range of 

the unimportant parameters can be narrowed.  

The drawback is the data used for training is with specific 

design requirements, for example, the fixed beam voltage and 

peak magnetic field. It is difficult to offer a parameter set close 

to optimal design for other design requirements. However this 

problem can be possibly solved by increasing the sample data 

number (ten times the size of the current sample data) at 

different design conditions, including different beam voltages, 

beam currents, magnetic fields and others.  The future target is 

to allow machine learning to achieve an optimal MIG design 

with arbitrary requirements at a minimum particle tracking 

simulation number of around 1000. 

With the rapid progress of machine learning and data mining 

technologies, it is believed that more powerful features can be 

integrated into the current CAD tools for MVEDs, to 

significantly advance the research.   
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