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In electron collision experiments, the seven-element electron gun is commonly used to accelerate and focus an
electron beam. The main operation modes of this experimental device are afocal, zoom and broad beam-modes.
Each of these operation modes can be used for producing electron beam with desired diameter. In this study,
the artificial neural network classification technique (ANN) is used for classification of electron gun operation
modes depending on electrostatic lens voltages. For this purpose, we investigate the focusing condition for the
first three-element lens. Other ANN is employed for the second four-element lens voltages to find the electron
gun operation modes. A comprehensive training data is obtained from SIMION software which uses traditional
ray-tracing method. ANNs are trained with this dataset. Moreover, performance evaluations are carried out to
determine the classification power of ANNs. High performance values show that the ANN can easily categorize
the operation mode of the electron gun as a function of lens voltages. The proposed approach may help to adjust
electron gun voltages before collision experiments. It is believed that this study will be a model for the future
research in electron collision systems. Network can be trained with experimental data for practical applications.
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1. Introduction

There is an emerging need for fine-variable electron
guns in a number of applications including radar guns,
cathode ray tubes, and many experimental designs [1–6].
For these purposes, electron guns have been success-
fully designed and operated with different methods [2–4].
These approaches of the gun design depend on many pa-
rameters, including the electrostatic lens voltages, elec-
tron beam current and radial size of the beam in the
image point. Because of the large number of parameters,
these computational methods of finding optimum data
are generally time consuming.

It is a remarkable fact that recently artificial intelli-
gence technique has achieved significant advantages in
optimal design of electrostatic lenses [7–11]. Artificial
intelligence is a mathematical invention that simulates
human intelligence [12]. Classification technique of arti-
ficial neural network (ANN) is an excellent data mapper
based on processing units named neurons. The work-
ing principle of this method is to map an input into
a desired output. In present study, we have used the
ANN technique to simulate optical properties of a seven-
element electron gun. This study is focuses on useful op-
eration modes of seven-element electron gun for practical
applications, such as the electron impact collision experi-
ments. According to the beam size, three basic operating
modes have been investigated: the broad-beam, focused
beam and afocal beam modes. In proposed method,
classification of operation modes is achieved by training
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artificial neural network using the training data matrix.
The data matrix is generated by the beam diameter in
image point corresponding to the lens voltage values of
the seven-element electron gun. The training data are
obtained from SIMION 8.1 ray-tracing program which
uses finite-difference method [13–14]. We analyze blind
data that are not previously used in input data to test
the ANN method ability. The architecture of network
is calibrated until the best classification performance is
achieved. The application of ANN technique in the re-
searches of electron gun is performed for the first time in
this study, to our knowledge. The method proposed in
this study has time advantage in finding optimal opera-
tion gun-modes.

The study is organized as follows. In Sect. 2, an expla-
nation of a seven-element electron gun and the descrip-
tion of three basic operation modes of the gun are given
briefly. The results and discussions are given in Sect. 3.
Finally, conclusions are given in the last section.

2. Methodology

In practice, the seven-element electron gun can be used
in many applications [2]. The electron beam generated
by thermionic emission from a heated filament is acceler-
ated and is focused using a seven-element electron gun.
The view of the seven-element electron gun and the elec-
tron beam trajectory obtained from SIMION 8.1 simu-
lation program is demonstrated in Fig. 1. Filament is
housed in the first element of the gun E0. Electrons pro-
duced by the filament pass from the lens E0 to E1. Ac-
cording to the operation principle of the gun, the first
three electrostatic lenses are used to focus the beam.
Aperture A3 (with diameter of 0.5 mm) within third elec-
trostatic lens E3 determines the radial size of the beam
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in the focus point (first image point; FIP). It is marked
as focused beam in Fig. 1.

For the second part of the gun, the electron beam
formed by the first three-elements E0–E3 is considered
as an object. The second four element lens configuration
E4–E7 is used to obtain the beam with required diam-
eter in the interaction region. In our design, the final
element E7 is held at ground potential for the simplicity.
We have trained the network considering beam diameter
at a distance of 50 mm from the gun. Following these
operation principles of the gun, different electron beams
can be acquired with voltage ratios of a three- and a
four-element lens configuration. There are three main

categorized groups in these networks for focused-, afocal-
and broad beam operation mode. We defined the elec-
tron beam with a diameter smaller than 0.3 mm as the
focused beam. The afocal beam is described as the beam
with diameter from 0.3 mm to 1 mm. The beam having a
diameter larger than 1 mm is defined as the broad-beam.
The general layout of the networks is shown in Fig. 2.
First network is designed to find the focused-beam mode
in FIP using the voltages of first three elements of the
gun (Fig. 2a). Second network is trained to know the
relationship between the potentials of the second four-
element lenses E4–E7 and beam size at the image plane
(Fig. 2b).

Fig. 1. View from the SIMION simulation program of the seven-element electron gun.

Fig. 2. The schematic view of architecture of (a) first and (b) second ANN that were used in this study.

3. Results and discussion

The main aim of this study is to obtain the lens volt-
ages of electron gun for desired electron beam diameter
using ANN model. The entire data set, obtained using
the SIMION program, was filtered for an optimum level
of expression. According to the gun operation, electron
beam is firstly focused within E3 lens. After this, the de-
sired beam diameters are obtained by changing the volt-
ages of E4–E7 lens elements. In Fig. 3, beam diameters
as functions of E4 lens voltage are presented. We used
the simulation data set for E6=E7=0 V, E5=5 V and
E5=15 V. Three-operation modes depending on the beam
size in the image plane are shown in this figure.

In ANN optimization, we have applied the scaled-
conjugated gradient algorithm [15]. Neural network tool-
box in MATLAB/Simulink software package was used in

this study. Input and output data of the network are
divided into 70% training set, 15% validation set and
15% test set. The number of neurons in the hidden layer
of the network was varied until the mean squared error
had been minimized. Minimum mean squared error value
indicates the best classification architecture. The results
show that ANN has clearly separated the focusing volt-
ages. “Over-training” of the model can be reached with
increasing number of training epochs (Epoch=20).

The classification performance is shown in Table I.
In architecture with hidden layer composed of 8 neurons,
the mean squared error was minimized for first classifi-
cation. For second ANN, best classification performance
in 3-20-3 architecture was obtained. Classification capa-
bilities of these networks are tested with the blind test
data set that was not used in the training process in
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Fig. 3. Training data set obtained from SIMION pro-
gram. The electron beam size at 50 mm away from the
last lens element as function of E4 voltage, for three-
operation modes. The potential of the sixth element
lens is E6=E7=0 V.

advance. The classification performance of ANN is guar-
anteed with the small mean squared error values given
in Table I.

TABLE I

Performance results of first and second ANN
architecture.

First ANN Second ANN
Training Test Training Test

Architecture results results Architecture results results
MSE MSE MSE MSE

3-4-3 0.172 0.199 3-4-3 0.190 0.197
3-5-3 0.142 0.151 3-5-3 0.185 0.186
3-8-3 0.101 0.131 3-8-3 0.247 0.254
3-10-3 0.188 0.259 3-10-3 0.355 0.325
3-15-3 0.210 0.174 3-15-3 0.158 0.112
3-20-3 0.182 0.184 3-20-3 0.011 0.014
3-25-3 0.200 0.216 3-25-3 0.201 0.160

4. Conclusions

In this study, we have developed a method of optimiza-
tion of seven-element electron gun using ANNs. Using
SIMION program we have provided a minimal set that
can correctly classify all data. Obtained results show that
the ANN is a perfect tool for determining the operating
mode of an electron gun with high-accuracy. We believe
that the sensitivity of this method will be possible to im-
prove with more experimental data. The ANN alterna-
tive method for determination of focusing characteristics
of electron gun is developed in this study. The proposed
method is advantageous for rapid response.
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