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Abstract: This paper presents the design of a fuzzy-controller-based ultra-high vacuum pressure
control system and its performance evaluation for a sputter-ion vacuum pump used in the electron
storage ring at the Synchrotron Light Research Institute (Public Organization) in Thailand. The
production of synchrotron light requires advanced vacuum technology to maintain stability and
prevent interference of electrons in an ultra-high vacuum pressure environment of about 10−9 Torr.
The presence of heat and gas rupture from the pipe wall can affect the quality of the light in that area.
The institute currently uses a sputter-ion vacuum pump which is costly and requires significant effort
to quickly reduce pressure increases in the area. Maintaining stable vacuum pressure throughout
electron motion is essential in order to ensure the quality of the light. This research demonstrates
a procedure for evaluating the performance of a sputter-ion vacuum pump using a mathematical
model generated by a neural network and Molflow+ software. The model is used to estimate the
pumping speed of the vacuum pump and to design a fuzzy control system for the ultra-high vacuum
system. The study also includes a leakage rate check for the vacuum system.

Keywords: ultra-high vacuum; sputter-ion vacuum pump; pumping speed; fuzzy; artificial neural
network; Molflow+

1. Introduction

The Synchrotron Light Research Institute (Public Organization) is an institute that has
a laboratory that provides services for the utilization of synchrotron light. Synchrotron
light is generated by causing electrons to move at nearly the speed of light and forcing them
to arc with a magnetic field, which causes the electrons to lose some energy and release
energy in the form of electromagnetic waves. Synchrotron light has a high intensity and
continuous energy value that covers four wavelengths, ranging from infrared to visible
light, ultraviolet light, and X-rays, as shown in Figure 1.

The process of producing synchrotron light at the Siam Light Research Institute
involves six main components: 1. an electron gun, 2. a linear accelerator (Linac), 3. a
booster synchrotron, 4. a storage ring, 5. beamlines, and 6. an experimental station. The
electron gun produces a large number of electrons, which are then divided into groups
called electron bunches and accelerated in a straight line by microwave waves in the Linac.
The booster synchrotron increases the energy of these electrons in a circle using radio waves,
and the storage ring further accelerates the electrons to an energy of up to 1.2 GeV [1].
The beamlines bring the produced synchrotron light to the experimental station, where it
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collides with a sample, and various scientific reactions occur. The data is then processed by
scientists using a detector and a computer to analyze the atomic or molecular structure of
the sample, as shown in Figure 2.
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The production of synchrotron light requires advanced vacuum technology at a pres-
sure of approximately 10−8 to 10−11 Torr in the beam in order to prevent interference,
refraction, and collisions with air masses. Maintaining a constant ultra-high vacuum (UHV)
pressure is essential to ensure the quality of the synchrotron light. Sputter-ion vacuum
pumps are commonly used to maintain this pressure, but they are expensive and require
a lot of work. Vacuum, created by vacuum pumps, refers to a space with low matter and
pressure and is used in various applications such as research and industry. This paper
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discusses the mathematical models of vacuum systems, pumps, measurement techniques,
equipment installation, and testing processes. It also provides a guideline for selecting the
right vacuum pump and briefly discusses support for optimum vacuum production [2–4].
The sputter pump, also known as an ion pump, was selected, and its characteristics were
described [5]. This experiment used synchrotron light and required a UHV in the tube
environment with gas loading analysis for the vacuum system chamber of the synchrotron
radiation source 6 GeV (SR) [6]. Additionally, research on water absorption measurements
at ultra-high and extreme-high vacuum was conducted [7]. A direct method for numerically
calculating the pumping velocity of the sputter-ion pump was proposed [8], and the vac-
uum kinetic process of gas was also described. This paper also covers physical principles
and modes of operation of vacuum pumps and vacuum meters, piping calculations, basics
of gas composition measurement, leaks, and leak detection techniques [9–12]. The sputtered
ion pump remains the unmatched pump for UHV, and research using Molflow+-based
Monte Carlo particle test methods is performed to simulate UHV and synchrotron radiation
calculations [13,14]. This paper also presents detailed designs and mechanical simulations
of vacuum pump systems [15] to guide the design of this research. A number of research
papers have proposed methods to improve optical quality in fields, such as physics and
engineering, such as the measurement and analysis of high-resolution four-pole magnetic
fields that focus on the electron beam [16]. In one study, the design and construction of an
automatic control system for a 3-degree-of-freedom magnetic support for a synchrotron
light generator, which aims to solve the problem of adjusting the magnet and electron
transporter in the confinement ring to the correct level and position [17], was discussed.
Another study described a linear electron acceleration system at an energy of 6 MeV that
was developed to produce continuous and efficient X-rays, with the aim of maintaining
stability in operation and tolerance to environmental changes by using a fuzzy algorithm
and the Takagi–Sugeno inference method [18]. This research has proposed methods and
approaches to improve the quality of synchrotron light, such as using a fuzzy algorithm
in control systems. Fuzzy logic is a method of reasoning that allows for flexibility and
complexity in problem-solving by using linguistic variables instead of numerical values. It
is used in the area of fuzzy control, which formulates algorithms for control laws using
logical rules [19]. This can be applied in a wide range of fields, such as control systems,
artificial intelligence, and decision-making. Fuzzy logic, first introduced by Lotfi Zadeh in
1965, is widely used in embedded applications, particularly in small systems, robots, and
machines [20]. It has various applications, such as fuzzy control, fuzzy signal processing,
and fuzzy image processing [21]. Fuzzy logic is also widely used in PID control systems as a
control algorithm and has been observed to perform better than traditional PID controllers
in providing satisfactory control characteristics [22]. It can also be used in the process
of liquid mixing in industries [23], as well as in creating a self-diagnostic system for a
DC motor [24] and in optimizing a type-1 fuzzy controller for the Fault-Tolerant Control.
Additionally [25], it can be applied in Negative Pressure Wound Therapy to improve the
performance and safety of the treatment [26]. The goal of this research is to examine the
application of fuzzy logic in controlling UHV conditions. Molflow+ is a Monte Carlo
simulation software used to simulate pressure in particle accelerators [27]. It calculates
theoretical pressure values using standard methods and can be used to design and analyze
UHV systems [28]. The software can predict outgassing volume and pressure, estimate
effective pumping speed [29], and determine the time needed to reach target pressure
based on gas volume change. Molflow+ is mainly used for detailed 3D vacuum charac-
terization in molecular flow systems [30]. Artificial neural networks (ANNs) have been
widely applied in many fields for prediction purposes, including wind speed prediction,
where the objective function is regression [31]. Feed-forward deep neural networks are also
capable of achieving strong classification performance and have been shown to outperform
shallow methods across diverse activity classes when optimized [32]. In the field of robot
programming, the training results of neural network controllers have been presented, and
the dynamic errors of different types of controllers have been analyzed [33]. Machine learn-
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ing (ML), particularly deep learning techniques, have demonstrated efficacy in training,
learning, analyzing, and modeling large complex structured and unstructured datasets [34].
However, when ML techniques are used for project duration prediction, the challenge
is greater as each organization has a different dataset structure, features, and quality of
data. To address this, a new dynamic ML tool based on an artificial neural network (ANN),
which is automatically adapted and optimized to different types of prediction methods and
different datasets, has been proposed [35]. The proposed decision-making system for leak
detection is based on multiple generalized linear models and clustering techniques, which
produces better recognition rates in comparison to a single model approach. Addition-
ally [36], a physics-informed deep learning approach has been proposed for bearing fault
detection, which consists of a simple threshold model and a deep convolutional neural
network (CNN) model [37], which can reliably detect and classify four different bearing
fault conditions [38]. All of these methods consider the design considerations, such as
network architecture, performance, and implementation [39]. The objective of this article is
to present a design for a UHV control system for a storage ring vacuum pipe using fuzzy
control theory, and pumping speed estimation was estimated by Molflow+ in conjunction
with ANN. The system aims to maintain a UHV level during electron beam movement.
The results show that the UHV pressure can be controlled effectively. Additionally, using a
method that estimates the pumping speed efficiency of the pump can aid in planning and
making improvements, preventing damage, and ensuring efficient operation. The article is
divided into five clear sections: Section 2: research methodology, experimental equipment,
and system; Section 3: fuzzy control result and design for UHV, including the procedure for
UHV pressure system and leak detection; Section 4: estimation of pump efficiency using a
mathematical model generated from a neural network and Molflow+ software; and finally,
Section 5: conclusions, where the findings are summarized.

2. Materials and Methods
2.1. Research Methodology

This research focuses readers on two main areas: controlling UHV pressure through
fuzzy controller design and estimating the efficiency of pumping speed using an artificial
neural network in conjunction with the Molflow+ program. The author will begin by
describing the process of creating a vacuum pressure system [2,3], including procedures for
leak detection in the experimental system. The design of the fuzzy controller will include
the results of controlling pressure in the UHV system, which identifies the problem and
determines the input and output variables that are involved. In this case, the input variable
is the pressure reading from a sensor located at the center of the vacuum tube, and the
output variables are the voltage supply to two independent ion vacuum pumps. For the
input variables, triangle shape membership functions can be used. The output variables
are defined by the singleton shape membership functions. We use the Mandani method
to apply the membership functions. The center of the area can be used for the inference
engine of the membership function output variables. Pressure data from the instrument at
a steady state will be collected to simulate the outgassing rate of the experimental system
with Molflow+ and then inputted into the learning process of the artificial neural network
to create a model of the UHV system. The second part of this research will explain how
this model is used to predict the pumping speed efficiency of the sputter-ion pump, as
shown in Figure 3.
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A UHV pressure must be created in the pipeline using multiple vacuum pumps with
different pressure ranges. A dry scroll pump, which has a spiral design and uses the
twisting of the threads to create a pressure difference and move the air from the inside of
the closed room to the outside atmosphere, can achieve a pressure of 10−2 Torr. A high
molecular attractant pump can then be used to achieve a pressure of up to 10−8 Torr, and a
sputter-ion pump, which captures gas molecules and sticks them in a confined area using
a specific technique, can achieve a pressure of up to 10−12 Torr. Figure 4 illustrates the
design of a standard pump. The system’s equations are based on the assumption that the
vacuum model conforms to Equations (1)–(5) [2–4]. The pressure P at an equilibrium state
is expressed by Equation (1):

P =
Q
S

, (1)

where Q is the net outgassing rate of the chamber under high vacuum. The net pumping
speed of the pump varies with the pressure. The net outgassing rate of chamber Q also
varies with the pressure.



Systems 2023, 11, 116 6 of 28
Systems 2023, 11, x FOR PEER REVIEW 6 of 30 
 

 

 
Figure 4. General Pump Structure. Reference Source; http://www.most.go.th/main/th/109-knowledge/tech-
nology-integration/other-technologies/1366-vacuum-technology (accessed on 1 October 2018). 

The gas flow, including conductivity components within a vacuum (Conductance, 
C), and the pressure difference between vacuum volume joints can be represented by 
Equation (2): 

( )pQ C p p= −  (2) 

Each flow in the vacuum pipeline is expressed by the continuity Equation (3): 

1 1 2 2Q PS P S= =  (3) 

The relation between the pumping speed at the inlet of the pipeline (Schamber), at 

the outlet (Spump), and the impedance (W) or conductance 
3

12 DC
L

= , diameter D (in 

cm), length L (in cm) of the pipeline has described the Equation (4): 

1 1
1 1 1chamber

pump pump

S
W

S S C

= =
+ +

 
(4) 

The corresponding throughput Q (in torr. L/s), pressure P (in torr), pumping speed S 
(in L/s), and conductance C (L/s) are consequently given via Equation (5): 

( )chamber pump pump pump chamber chamberQ C P P S P S P= − = =  (5) 

2.2. Equipment 
The vacuum experiment in this research was built using real-world materials sup-

ported by the Synchrotron Light Research Institute (Public Organization). The equipment 
includes a vacuum pressure system, a workpiece cleaning device, a control device, a leak 
detection device, and processing equipment. Further information regarding the numerical 
data is available in Figure 5 and Table 1, which provide detailed explanations of the ex-
perimental equipment. 

 
Figure 5. Ultra-high vacuum pressure system experimental equipment. 

Figure 4. General Pump Structure. Reference Source; http://www.most.go.th/main/th/10
9-knowledge/technology-integration/other-technologies/1366-vacuum-technology (accessed on
1 October 2018).

The gas flow, including conductivity components within a vacuum (Conductance,
C), and the pressure difference between vacuum volume joints can be represented by
Equation (2):

Q = C
(

p− pp
)

(2)

Each flow in the vacuum pipeline is expressed by the continuity Equation (3):

Q = P1S1 = P2S2 (3)

The relation between the pumping speed at the inlet of the pipeline (Schamber), at
the outlet (Spump), and the impedance (W) or conductance C = 12 D3

L , diameter D (in cm),
length L (in cm) of the pipeline has described the Equation (4):

Schamber =
1

1
Spump

+ W
=

1
1

Spump
+ 1

C
(4)

The corresponding throughput Q (in torr. L/s), pressure P (in torr), pumping speed S
(in L/s), and conductance C (L/s) are consequently given via Equation (5):

Q = C
(

Pchamber − Ppump
)
= SpumpPpump = SchamberPchamber (5)

2.2. Equipment

The vacuum experiment in this research was built using real-world materials sup-
ported by the Synchrotron Light Research Institute (Public Organization). The equipment
includes a vacuum pressure system, a workpiece cleaning device, a control device, a leak
detection device, and processing equipment. Further information regarding the numeri-
cal data is available in Figure 5 and Table 1, which provide detailed explanations of the
experimental equipment.
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Table 1. Experimental equipment details.

No. Name Specification Quantity

1 Scroll Vacuum Pump - 0.4 kW, 50 Hz
- 250 L/min (4.2 L/s), 1.2−2 torr 1

2 Helium Leak Detector
- 2.5 L/s helium pumping speed
- Minimum detectable leakage rate for
helium 10−13 Pa m3/s

1

3 Thermocouple - Type K 5
4 Turbo-Molecular Pump - 1000 RPM, 0.4 A, 220 V 1
5 NI USB-TC01 - Type J, K, R, S, T, N, E and B thermocouple 5
6 Vacuum Chamber 1 - D = 146 mm, H = 310 mm 1

7 Sputter-Ion Pump - Star cell, 500 L/s, typically 3–7 kV
- pressures as low as 10−11 mbar 2

8 Vacuum Pipe - L = 1000 mm, D = 65 mm 1

9 Pfeiffer Vacuum TPG 300
Pressure Gauge

- Measures Pressure from Atmospheric
Range, down to 10−11 mbar
- Pirani gauges/ Cold cathode gauges

2

10 Vacuum Chamber 2 - D = 146 mm, H = 285 mm 1

11 Sputter-Ion Pump
Controller

- 2 Channels
- Output 3000 V–7000 V 1

12 Baking Controller - Max 10 A, 220 V 2

13 All Metal Angle Valves

- 304 stainless steel
- Leak rate < 5–10 mbar.L/s
- Temperature operating range from 450◦ C
to −250◦ C

4

14 Heater - V = 240 V, p = 170 W, L = 1.5 m 5

15 Ionization Gauge
- Bakeout temp ≤ 250 ◦C
- Measuring range 5 × 10−3 to 1 × 10−11

mbar
4

16 MOXA - UPort 1110 V1.4.1, 5 VDC 3
17 RS-232 3

18 Computer - Intel® Core™ i9-9900 CPU @3.1 GHz
- RAM 32 GB, 64 bit

1

19 Helium Gas 1

2.3. Experimental System

The vacuum experimental system was designed to study UHV pressure and vacuum
pressure control. It is divided into two systems: System 1, a vacuum chamber equipped
with a sputter-ion pump with a pumping speed of 500 L/s and a pressure gauge installed
in the position shown in Figure 6; and System 2, which consists of two vacuum chambers
connected by a tube with a diameter of 65 mm and a length of 1000 mm. Both of these
chambers are equipped with a sputter-ion pump with a pumping speed of 500 L/s and
pressure gauges installed in 4 positions, as shown in Figure 7.

Figure 7 illustrates an experimental setup for a system consisting of two interconnected
vacuum chambers. The chambers are connected by a 65 mm diameter tube that is 1000 mm
in length. Sensor B is located at the center of the tube and measures the vacuum pressure at
the highest point in the system. The first chamber has a diameter of 146 mm and a height
of 310 mm, and sensor A is placed on the lid to measure the maximum pressure in that
chamber. The second chamber has a diameter of 146 mm and a height of 285 mm; sensor
C is located on top of its lid, measuring the maximum pressure in this chamber. Both
chambers are equipped with sputter-ion pumps that have a pumping speed of 500 L/s
and are located underneath each chamber. Additionally, sensor D is placed in the second
chamber at the location indicated. The experimental system is exposed to a UHV pressure
process, and the leakage rate of the system is monitored. Then, the system is sealed and
ready to test the vacuum pressure control system and evaluate the performance of the
sputter-ion pumps.
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3. Ultra-High Vacuum by Fuzzy Control

Ultra-high vacuum (UHV) refers to a vacuum with a pressure level below 10−9 Torr.
Fuzzy control is a method of controlling systems using fuzzy logic, which is a mathematical
tool for representing and manipulating uncertain or imprecise information. In a fuzzy
control system, the inputs and outputs are mapped to fuzzy sets, and a set of fuzzy rules are
used to determine the control actions. Using fuzzy control for UHV systems allows for the
system to adapt to changing conditions and make decisions based on imprecise or uncertain
information. This can improve the stability and efficiency of the system and also increase
its robustness against disturbances and uncertainties. This section discusses the process of
designing and constructing the UHV systems. It covers implementing leak detection and a
fuzzy controller design for UHV, including the results of the fuzzy pressure control.

3.1. Procedure for Ultra-High Vacuum Pressure System

Figure 8 illustrates the process for creating a UHV pressure system for this research.
The process begins by cleaning the workpiece (vacuum chamber) with ethanol to prepare it
for the UHV pressure process. To achieve UHV pressure, the pressure must be gradually
increased from atmospheric pressure to a value of 10−1 to 10−2 Torr using dry scroll vacuum
pumps and then to a pressure of 10−2 to 10−7 Torr using a turbo pump and a molecular
pump. The workpiece is then outgassed at a temperature of about 120 degrees Celsius for at
least 3 days. Before and after heating, a leak test is performed on the workpiece by spraying
helium gas outside the workpiece at suspected leakage points, such as along flange joints
in vacuum chamber connections and pipes. The CF (Con Flat) flange uses a copper gasket
with high thermal conductivity and metal circumferential prongs. The soft properties of the
copper gasket allow for a very tight seal between the two metal flanges by distorting the
gasket. CF flanges can operate at a pressure of about 10−13 Torr. If a leak is detected, helium
gas will seep through the leak and into the workpiece, where it will be detected by the
helium leak detector. If no leak is found, the process continues by using a sputter-ion pump
until the vacuum pressure reaches a level of 10−8 Torr and can no longer be increased. The
valve between the vacuum chamber, the dry scroll pump, and the high molecular attractant
pump operating system is then closed, allowing the system to be evacuated using only
a sputter-ion pump. Later, we designed a fuzzy controller to command the sputter-ion
pump controller to maintain the vacuum pressure through a LabVIEW program connected
to a computer via RS-232 and a MOXA module. The definition of each pressure range is
described in Table 2.

Table 2. Shows the Range of Vacuum Pressure [40].

Range of Vacuum Pressure Minimum Pressure (Torr) Maximum Pressure (Torr)

Low Vacuum (LV) 2.5× 10 7.5× 102

Medium Vacuum (MV) 7.5× 10−4 2.5× 10

High Vacuum (HV) 7.5× 10−7 7.5× 10−4

Very High Vacuum (VHV) 7.5× 10−10 7.5× 10−7

Ultra-High Vacuum (UHV) 7.5× 10−13 7.5× 10−10

Extreme-High Vacuum (XHV) ≤ 7.5× 10−13
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3.2. Procedure for Checking for Leaks in the Vacuum System

Vacuum leak testing is an essential step in the vacuum-making process. The process
involves achieving a system vacuum of 10−6 Torr using dry scroll vacuum pumps in
combination with a Turbo Molecular pump and then bringing in helium gas to spray
outside the workpiece at suspected leak points. If a leak is detected, the helium gas will
seep through the leak and into the workpiece, where it will be detected by the helium leak
detector [11]. The leak inspection is performed from top to bottom as the helium gas rises
to higher altitudes (as shown in Figure 9). After the inspection, if no leakage points are
found, a sputter-ion pump is used to maintain the vacuum pressure at 10−8 Torr. In this
method, a known amount of helium gas is introduced into the system, and the presence of
helium is used to identify any leaks that may be present. Finally, leak testing is important
to ensure the integrity and performance of UHV systems.
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3.3. Sputter-Ion Pump

The working of a sputter-ion pump is based on the supply voltage provided to it. The
supply voltage ranges from 3000, 5000, and 7000 volts and is related to the vacuum pressure
value, as shown in Figure 10. The graph shows that the start of the sputter-ion pump
starts from the low vacuum pressure value on the right side of the sputter-ion pump. A
supply voltage of 7000 volts provides maximum pump efficiency, while a supply voltage of
5000 volts provides optimal pumping efficiency when the vacuum pressure is increased to
a pressure of 1× 10−7 mbar. When the system has a vacuum pressure of 5× 10−9 mbar, the
supply voltage for the sputter-ion pump at 3000 volts provides optimal pumping efficiency.
This can be explained in Table 3.
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Table 3. The pumping speed relationship equation at 3000 V, 5000 V, and 7000 V supply voltages.

V Equation (Mbar) R2
Pumping Speed Pchamber

(%) L/s P (Mbar) P (Torr)

3000 y = 5.525ln(x) + 179.91 0.9733 48–72 240–360 6 × 10−11–5 × 10−9 4.5 × 10−11–3.75 × 10−9

5000 y = 4 ×1022x3 − 9 ×1015x2 + 5×108x + 71.053 0.9044 72–76 360–380 5 × 10−9–1 × 10−7 3.75 × 10−9–7.5 × 10−8

7000 y = 10.52ln(x) + 246.07 0.9816 76–99 380–495 1 × 10−7–1 × 10−6 7.5 × 10−8–7.5 × 10−7

In this research, an ion pump of 500 L/s was selected. The goal of this research is
to develop the ability to adjust the voltage supplied to the sputter-ion pump to be more
precise. The voltage will be supplied at 3000, 4000, 5000, 6000, and 7000 volts to optimize
the pumping speed of the pump at each vacuum pressure range, where the 4000 and
6000 volts are comparable estimates from the pump specification, as shown in Table 4.

Table 4. The relationship equation between pumping speed at 3000, 4000, 5000, 6000, and 7000 volts
to the vacuum pressure.

V Equation (Mbar) R2 Pumping Speed (%)
Controller

P (Mbar) P (Torr)

3000 y = 4.3486ln(x) + 156.73 0.9732 64–72 6.2 × 10−10–5 × 10−9 4.65 × 10−10–3.75 × 10−9

4000 y = 8 × 108x + 68.048 0.9973 72–76 5 × 10−9–1 × 10−8 3.75 × 10−9–7.5 × 10−9

5000 y = 2.1615ln(x) + 115.97 0.9709 76–79 1 × 10−8–4 × 10−8 7.5 × 10−9–3× 10−8

6000 y = 4.5108ln(x) + 155.92 0.9784 79–83.5 4 × 10−8–2 × 10−7 3 × 10−8–1.5 × 10−7

7000 y = 10.52ln(x) + 246.07 0.9816 83.5–99 2 × 10−7–1 × 10−6 1.5 × 10−7–7.5 × 10−7

The relationship between the vacuum pressure value and the pumping speed effi-
ciency of the sputter-ion pump generated in Table 4 shows the voltage supply range that
achieves the pumping speed efficiency of the pump suitable for each vacuum pressure
value range. The low vacuum pressure range, such as 1.5 × 10−7 – 7.5 × 10−7 Torr, is
suitable for supplying voltage at 7000 volts, which will get the pumping speed of the pump
at 83.5–99 percent of the pump performance of 500 L/s. This research aims to establish a
fuzzy law for controlling the action mechanism or the change of supply voltage of the ion
pump based on the relations in Table 4.

3.4. Fuzzy Design

Fuzzy logic is a method of reasoning that resembles human reasoning. The most basic
concept in fuzzy logic is the fuzzy set. A fuzzy set is a set that has a degree of membership
between 0 and 1 rather than the traditional binary (true/false) membership of a standard
set. This degree of membership indicates the extent to which an element belongs to the set.
It is particularly useful in situations where precise mathematical models are unavailable or
impractical and can be used to make decisions and control processes.

The application of fuzzy logic control in UHV systems is used to maintain a desired
vacuum pressure of less than 3.75−9 torr. The control system employs a Single-Input–
Multiple-Output (SIMO) fuzzy controller, where the input is the pressure reading from
a sensor located at the center of the vacuum tube, and the outputs control the voltage
supply to two independent ion vacuum pumps. The fuzzy input variable is the pres-
sure reading from sensor B, and the member function consists of a fuzzy set of five lan-
guage variables {N, SN, Z, SP, P}. The output variables are the voltages fed to the first
and second ion vacuum pumps, consisting of language variables {L, SL, M, SH, H} and
{L2, SL2, M2, SH2, H2}, respectively, as defined in Table 5.
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Table 5. Fuzzy control design to maintain vacuum pressure.

No. Pressure Input (Torr) Input
Variable

Output
Variable 1

Output
Variable 2

Percent
Variable

Voltage
Supply 1

Voltage
Supply 2

1 ≤3.75 × 10−9 N L L2 0 3000 3000
2 3.751 × 10−9–7.5 × 10−9 SN SL SL2 25 4000 4000
3 7.51 × 10−9–3 × 10−8 Z M M2 50 5000 5000
4 3.01 × 10−8–1.506 × 10−7 SP SH SH2 75 6000 6000
5 ≥1.507 × 10−7 P H H2 100 7000 7000

The input and output parameters of the Fuzzy Rules in Table 5 can be generated
and applied using a LabVIEW program connected to a 4UHV ion pump controller for
a voltage regulator that powers an ion vacuum pump via an RS232 cable and a MOXA
module. This allows the system to be operated in real time by a computer. Figure 11
demonstrates the input and output variable assignments of fuzzy rules for fuzzification
using LabVIEW software (LabVIEW 2016, License No. M76X33883, Synchrotron Light
Research Institute, Thailand), and Figure 12 shows the calculation of fuzzy inference using
a fuzzy rule whose principle is “if input, then output” in the diagnostic process, which
is analyzed and processed according to specified conditions with the LabVIEW software.
These rules are used to map input variables to output variables by using fuzzy membership
functions. These functions are used to assign a degree of membership to each input value,
which is then used to generate the output value.

Systems 2023, 11, x FOR PEER REVIEW 14 of 30 
 

 

 
Figure 11. Configure inputs and outputs of the fuzzy rule. 

 
Figure 12. Fuzzy rules to control pressure values via LabVIEW software. 

Figure 13 shows the simulation of the generated fuzzy rule. The defuzzification con-
verts the language obtained in the form of fuzzy inference into a single true output value 
from a five-member fuzzy set {0, 25, 50, 75, 100} percent instead of supplying pressure at 
{3000, 4000, 5000, 6000, 7000} volts, respectively, by Figure 13a,b when the input pressures 
are 9 × 10−14 Torr and 3.75 × 10−9 Torr, respectively. That is to say that when the input pres-
sure value is less than or equal to 3.75 × 10−9 Torr, with the input linguistic value N, it will 
enter the first rule to get the output of the first pump, and the second has a linguistic 
variable value of L and L2, respectively, representing 0 percent output where the supply 
voltage is 3000 Volt. 

Figure 11. Configure inputs and outputs of the fuzzy rule.

Figure 13 shows the simulation of the generated fuzzy rule. The defuzzification
converts the language obtained in the form of fuzzy inference into a single true output
value from a five-member fuzzy set {0, 25, 50, 75, 100} percent instead of supplying pressure
at {3000, 4000, 5000, 6000, 7000} volts, respectively, by Figure 13a,b when the input pressures
are 9 × 10−14 Torr and 3.75 × 10−9 Torr, respectively. That is to say that when the input
pressure value is less than or equal to 3.75 × 10−9 Torr, with the input linguistic value N, it
will enter the first rule to get the output of the first pump, and the second has a linguistic
variable value of L and L2, respectively, representing 0 percent output where the supply
voltage is 3000 Volt.
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While Figure 13c,d shows the input pressure is 3.76−9 Torr and 7.5−9 Torr, respectively,
which enters the second rule, with the linguistic variable of the input SN, the output of the
first pump and the second pump with the linguistic variable is SL and SL2, respectively,
representing 25 percent of the output where the supply voltage is 4000 Volt. Similarly,
Figure 13e,f shows the input pressure values of 7.51−9 Torr and 3−8 Torr, respectively,
which enter Rule 3, with the linguistic variable of the input Z, the output of the first pump
and the second pump with the linguistic variable of M and M2, respectively, representing
50 percent of the output. The input pressure is 3.01−8 Torr and 1.506−7 Torr, respectively.
Rule 4 with the linguistic variable of the input SP, the output of the first pump, and the
second pump with the linguistic variable of SH, SH2, respectively, representing 75 percent
output, as shown in Figure 13g,h, where the voltage is supplied at 6000 Volt, and Figure 13i,j
shows the input pressure values of 1.507−7 Torr and 5−5 Torr, respectively, which enters
the law of 5 with the input linguistic variable P; the output of pump 1 and 2 is linguistic
variable H, H2 respectively, representing 100 percent output, which will supply voltage at
level 7000 Volt.

Fuzzy Pressure Control Improves Test System Performance

Table 5 establishes fuzzy rules that were tested on System 1, which is a vacuum
chamber connected to a vacuum pump. Figure 14 illustrates the hardware used for testing
and demonstrates how the fuzzy rule controls the voltage power supply to maintain
pressure in the vacuum chamber. Figure 15 shows the supply voltage to the sputter-
ion vacuum pump with 3000, 4000, 5000, 6000, and 7000 volts, respectively, (left y-axis)
in relation to the vacuum chamber pressure at the location where the pressure value is
to be controlled. It is clearly divided by the fuzzy rule range with a dotted line (right
y-axis). It can be seen that the pressure change follows the properly designed fuzzy rule.
That is when the vacuum chamber pressure is lower than 3.75 × 10−9 Torr, the pump
supply voltage is 3000 volts, and 4000 volts is supplied if the vacuum chamber pressure is
3.75 × 10−9 Torr and is in the range of 3.751 × 10−9–7.5 × 10−9 Torr. When the vacuum
chamber pressure increases in the range of 7.51 × 10−9–3 × 10−8 Torr, the pump supply
voltage is 5000 volts. When the vacuum chamber pressure increases in the range of
3.01 × 10−8–1.506 × 10−7 Torr, the pump supply voltage is 6000 volts. If the pressure is
greater, the pump supply voltage is 7000 volts.
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When the pressure control characteristics of the vacuum chamber 1 system are known,
they can be applied to a two-chamber system using the same fuzzy rules established in
Table 5. The behavior is that the vacuum pressure value at the middle position of the pipe
connecting the vacuum chambers is used as the pressure value for the control. This is
because the pressure value at this position is the highest in the system. If the pressure value
at this position is in control, the pressure value at any other location will be within the range
of the UHV pressure value. The regulating pressure is achieved when the two sputter-ion
vacuum pumps operate according to the established fuzzy rules. The equipment used to
test this system is shown in Figure 16. The control results can be seen in Figure 17 and
expanded for clarity in Figure 18. These figures demonstrate that the vacuum pressure at
the center of the pipe, which is the position of the maximum pressure, can be controlled to
be below 3.75 × 10−9 torr.

The real test results revealed the efficacy of fuzzy pressure control in optimizing
the performance of the system. Fuzzy logic is used to regulate the supply voltage of the
sputter-ion pump to achieve different pumping speeds at the same pressure for various
voltage levels. This allows for better control over the pumping process and ensures that
the optimal pumping speed is maintained for the given pressure conditions. Fuzzy logic
can be useful for controlling various processes in UHV systems. In UHV systems, it
is important to maintain a very low-pressure environment to prevent contamination or
interference with the experiment or process being performed. Fuzzy logic can be used
to control the parameters that affect the pressure inside the UHV system, such as the
flow rates of gases, the temperature of the system, or the speed of vacuum pumps. By
adjusting these parameters using fuzzy logic, it is possible to achieve the desired pressure
conditions while minimizing energy consumption and maintaining stability. In a system
that does not have fuzzy logic, controlling the various parameters and components of a
UHV system can be more challenging. Without a fuzzy logic controller, the system may rely
on conventional control methods, such as PID (proportional-integral-derivative) control
or on-off control. Conventional control methods can be effective in maintaining a set
point for a given parameter, such as pressure or temperature, but they may not be able
to handle the complexity of UHV systems, which often involve multiple parameters and
interactions between components. For example, in a UHV system with multiple vacuum
pumps, conventional control methods may not be able to optimize the pumping speed
of each pump to achieve the desired pressure conditions. This can lead to inefficient
operation, longer process times, or decreased product quality. In addition, conventional
control methods may not be able to adapt to changing conditions or non-linear behavior in
the system. This can even cause instability in the system. Overall, the use of fuzzy logic
in UHV systems provides a more flexible and adaptive approach to control, allowing the
system to respond to changing conditions and optimize performance in real time. Fuzzy
logic can also handle complex systems with multiple parameters and components, making
it a more effective control method for UHV systems. From the above experiments, the
vacuum pressure at the location where the measuring instrument is installed is known, as
well as the voltage supplied to the sputter-ion vacuum pump. However, the outgassing rate
of the system is unknown, and more importantly, the efficiency of the pump in pumping
is unknown. This is because the pump has a long service life, and through heavy use,
there may be some factors that reduce the pumping efficiency, resulting in a decrease in
pumping speed. Therefore, this research has studied the behavior of the vacuum pressure
profile in the experimental system using the Molflow+ software application, starting with
the experimental system 1 vacuum chamber. This will allow for a better understanding of
the characteristics and behavior of the vacuum pressure, which will be discussed in the
next section.
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4. Pumping Speed Efficiency Estimation

The pumping speed efficiency is an indicator for assessing the capacity of a vacuum
pressure system. If the pump has poor performance, it will negatively impact the results of
the vacuum chamber pressure. Therefore, understanding the performance of the pump is
essential for planning to achieve the desired pressure. In this section, we will apply the use
of Molflow+ and artificial neural network (ANN) to predict pump speed efficiency.

4.1. MolFlow+

Molflow+ is free software copyrighted by CERN and E.S.R.F., and it is a Windows
program that calculates the steady-state pressure in complex geometries under UHV
conditions. The simulation process typically involves four steps: importing the geometry;
setting simulation parameters, such as temperature and reflective properties; defining
outgassing and pump locations; and viewing pressure profiles [41]. It is gaining attention
from the scientific community for its ability to perform detailed 3D calculations of vacuum
in the molecular flow regime. The software is discussed in relation to vacuum calculation
methods, and examples of its application in the design and analysis of vacuum systems at
CERN and elsewhere are presented [42]. The steady-state and time-dependent algorithms
behind the program are also discussed, along with strategies for addressing common issues
that arise when simulating large systems. The results are compared to the theory and
validated through experiments.

In this study, the Molflow+ software was utilized to analyze the behavior of vacuum
pressure in an experimental system. The process involved determining the outgassing rate
by setting a pumping speed of 288 l/s and measuring pressure values in millibars. The
results were then compared with pump efficiency at different percentages of outgassing
rate, as shown in Table 6.
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Table 6. Pumping performance at a speed of 288 L/s for a vacuum chamber experimental system 1.

%Outgassing Rate Q (mbar. L/s) Pc (mbar) Pi (mbar)

−15% 2.975 × 10−11 2.55 × 10−10 1.97 × 10−10

−10% 3.15 × 10−11 2.70 × 10−10 2.09 × 10−10

−5% 3.325 × 10−11 2.86 × 10−10 2.21 × 10−10

normal 3.5 × 10−11 3 × 10−10 2.32 × 10−10

5% 3.675 × 10−11 3.15 × 10−10 2.44 × 10−10

10% 3.85 × 10−11 3.31 × 10−10 2.56 × 10−10

15% 4.025 × 10−11 3.45 × 10−10 2.67 × 10−10

The results from Table 6 indicate that when the pumping speed is held constant, an
increase in the outgassing rate leads to higher pressure in the vacuum pump (Pi) and the
measuring device (Pc) attached to it. This aligns with the theory that the outgassing rate is
the rate at which gas is removed from the system, thereby reducing the pressure. Factors,
such as the permeability of the material surface, also play a role in this process. The more
gas particles are removed, the higher the pressure will be. On the other hand, when the
pumping speed is constant, a decrease in the outgassing rate leads to a lower pressure
in the system, creating a higher vacuum at both the vacuum pump and the measuring
instrument’s positions.

Molflow+ software is utilized to visualize the behavior of vacuum pressure in an
experimental system. The software displays the vacuum pressure values along individual
color axes generated within the system, with the distance being represented as 0–100% of
the axis of each plane. The simulation results of pressure values are separated into two
experimental systems: vacuum chamber system 1; and the system connected between
vacuum chamber 1 and vacuum chamber 2 by pipes. These systems have an inner diameter
of 60.3 mm and a length of 1000 mm.

The vacuum chamber 1 has a diameter of 152.4 mm and a height of 285 mm, with a
total volume, including the flange, of 4,498,615.15 mm3. The red axial pressure value is
measured from the position of the sputter-ion vacuum pump to the cover of the top flange,
with a length equal to the height of 285 mm. The green axis, from the CF 70 flange position
to the edge of the vacuum chamber, is 194 mm long. The blue axis, from the flange position
CF 70 to CF 114, is 273 mm long. These values are shown in Figure 19, and the vacuum
pressure values at each position of each axis are shown in Table 7.

Systems 2023, 11, x FOR PEER REVIEW 21 of 30 
 

 

in the system, creating a higher vacuum at both the vacuum pump and the measuring 
instrument’s positions. 

Molflow+ software is utilized to visualize the behavior of vacuum pressure in an ex-
perimental system. The software displays the vacuum pressure values along individual 
color axes generated within the system, with the distance being represented as 0–100% of 
the axis of each plane. The simulation results of pressure values are separated into two 
experimental systems: vacuum chamber system 1; and the system connected between vac-
uum chamber 1 and vacuum chamber 2 by pipes. These systems have an inner diameter 
of 60.3 mm and a length of 1000 mm. 

The vacuum chamber 1 has a diameter of 152.4 mm and a height of 285 mm, with a 
total volume, including the flange, of 4,498,615.15 mm3. The red axial pressure value is 
measured from the position of the sputter-ion vacuum pump to the cover of the top flange, 
with a length equal to the height of 285 mm. The green axis, from the CF 70 flange position 
to the edge of the vacuum chamber, is 194 mm long. The blue axis, from the flange position 
CF 70 to CF 114, is 273 mm long. These values are shown in Figure 19, and the vacuum 
pressure values at each position of each axis are shown in Table 7. 

 
Figure 19. The axial pressure in vacuum chamber 1 with the Molflow+ software. 

Table 7. The vacuum pressure in the vacuum chamber 1 from Molflow+ software. 

%x 
Red Line Axial Pressure Green Line Axial Pressure Blue Line Axial Pressure 

x (mm) P (10−10 Mbar) x (mm) P (10−10 Mbar) x (mm) P (10−10 Mbar) 
0 0 2.32 0.00 3 0.00 3.03 

0.05 14.25 2.38 9.70 3 13.65 3.01 
0.10 28.50 2.43 19.40 2.98 27.30 2.96 
0.15 42.75 2.47 29.10 2.95 40.95 2.89 
0.20 57.00 2.51 38.80 2.9 54.60 2.79 
0.25 71.25 2.55 48.50 2.82 68.25 2.76 
0.30 85.50 2.58 58.20 2.77 81.90 2.75 
0.35 99.75 2.61 67.90 2.76 95.55 2.75 
0.40 114.00 2.64 77.60 2.76 109.20 2.75 
0.45 128.25 2.67 87.30 2.76 122.85 2.75 
0.50 142.50 2.69 97.00 2.76 136.50 2.75 
0.55 156.75 2.73 106.70 2.76 150.15 2.75 
0.60 171.00 2.76 116.40 2.76 163.80 2.77 
0.65 185.25 2.78 126.10 2.76 177.45 2.81 

Figure 19. The axial pressure in vacuum chamber 1 with the Molflow+ software.



Systems 2023, 11, 116 21 of 28

Table 7. The vacuum pressure in the vacuum chamber 1 from Molflow+ software.

%x
Red Line Axial Pressure Green Line Axial Pressure Blue Line Axial Pressure

x (mm) P (10−10 Mbar) x (mm) P (10−10 Mbar) x (mm) P (10−10 Mbar)

0 0 2.32 0.00 3 0.00 3.03
0.05 14.25 2.38 9.70 3 13.65 3.01
0.10 28.50 2.43 19.40 2.98 27.30 2.96
0.15 42.75 2.47 29.10 2.95 40.95 2.89
0.20 57.00 2.51 38.80 2.9 54.60 2.79
0.25 71.25 2.55 48.50 2.82 68.25 2.76
0.30 85.50 2.58 58.20 2.77 81.90 2.75
0.35 99.75 2.61 67.90 2.76 95.55 2.75
0.40 114.00 2.64 77.60 2.76 109.20 2.75
0.45 128.25 2.67 87.30 2.76 122.85 2.75
0.50 142.50 2.69 97.00 2.76 136.50 2.75
0.55 156.75 2.73 106.70 2.76 150.15 2.75
0.60 171.00 2.76 116.40 2.76 163.80 2.77
0.65 185.25 2.78 126.10 2.76 177.45 2.81
0.70 199.50 2.78 135.80 2.76 191.10 2.91
0.75 213.75 2.78 145.50 2.76 204.75 3.07
0.80 228.00 2.78 155.20 2.76 218.40 3.21
0.85 242.25 2.78 164.90 2.76 232.05 3.33
0.90 256.50 2.78 174.60 2.76 245.70 3.45
0.95 270.75 2.78 184.30 2.76 259.35 3.56
1.00 285.00 2.78 194.00 2.76 273.00 3.63

According to Table 7, the red line represents the height of the chamber, the green
line represents the diameter distance, and the blue line represents another diameter
distance. The intersection of the three colored lines represents a vacuum pressure of
2.76 × 10 −10 mbar at the position indicated in the red frame. The data from the simulation,
which uses values measured by sensors in the x = 0 mm position of the green and red
lines from the experiment, serves as reference values to simulate the outgassing rate over
the entire surface of the gas vacuum chamber 1. This outgassing rate was found to be
3.5 × 10−11 mbar.L/s when the pumping rate was set to 288 L/s. This value aligns with
the equation that displays the relationship between vacuum pressure values at 3000 V, as
shown in Table 3.

In this research, an experimental vacuum system was constructed, consisting of two
vacuum chambers (1 and 2) connected by a tube. The dimensions of chamber 2 are
152.4 mm in diameter, 310 mm in height, and a total flange volume of 5,248,639.03 mm3.
The tube connecting the chambers has an outer diameter of 65 mm, an inner diameter of
60.3 mm, and a length of 1000 mm (as shown in Figure 20). The vacuum pressure values
in each axis show the relationship between the values measured from the position of the
instrument. Measurements A, B, C, and D are represented by the blue, green, red, and
black lines, respectively. The pumping speed of each pump was determined by substituting
the pressure pumped by the pump into the pressure source equation (shown in Table 2).
This allowed for the determination of the outgassing rate of each system. By comparing
the simulation data with the measurement data from the combined vacuum pressure
instrument, it was determined that the starting point in the blue and red axis is the location
of the pump, which has the best vacuum pressure value. The pressure continues to increase
axially to the upper cover of vacuum chambers 1 and 2. The black line axis shows the
pressure at the location where sensor D is installed, while the green line axis shows the
pressure along the length of the pipe connecting the two vacuum chambers. The center of
the pipe at sensor B has the highest pressure in the system, at which point the researchers
used to control the pressure to a UHV to confirm pressure values in other locations. This
ensured that there was also a UHV pressure value.
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Figure 20. The profile pressure in vacuum system with the Molflow+ software.

The next step is to apply the information obtained from the vacuum pressure sim-
ulation in the Molflow+ program using an artificial neural network to find the model
of the vacuum system that has been created. The process begins by using fuzzy control
to adjust the voltage supply to the sputter-ion pump in order to optimize the pumping
speed within a specific pressure range. Data on pressure at various locations is collected
using a measuring device, and the pumping speed is calculated from the actual measured
pressure. The situation is then simulated using the Molflow+ program to obtain data on the
outgassing rate of the system. The process is iterated until a sufficient data set is obtained
for learning through the neural network to model the vacuum experimental system. This
step will also allow for the determination of the pumping speed efficiency of the pump,
which will be discussed in the next section.

4.2. Artificial Neural Network (ANN)

Machine learning is a powerful technique that is used to solve several problems in
the engineering field. Computational technology is rapidly growing in both hardware and
software architectures which allows machine learning to be applied to complicated works.
An artificial neural network is an efficient algorithm of machine learning that is utilized
for outgassing prediction in the UHV pressure control system. Supervise learning neural
network based on a multivariable regression approach was utilized to tackle prediction
model training. Moreover, this research has been focusing on the effect of various network
structures that need to be optimized to achieve the desired performance of the prediction
model. To develop the purpose neural network model, it would be addressed at each step,
as shown in Figure 21.
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4.2.1. Data Collection and Preprocessing

To investigate outgassing and pumping speed prediction, the training data set was
collected based on simulation software. The process to generate the training data set was
performed by using the data from a Molflow+ simulation to train a neural network that
predicts the pumping speed of ion pumps and outgassing rates in different parts of a
system. The system is divided into three sections: the first vacuum chamber (Qa); the
conduit between two vacuum chambers (Qb); and the second vacuum chamber (Qc). The
neural network is trained using data collected at steady-state intervals to test for changes
in pumping speed and outgassing rates and verified by the Molflow+ program. The inputs
used for the prediction are pressure values from different parts of the measuring instrument
in the experimental system (Pa, Pb, Pc, Pd, Ppump1, and Ppump2), and the outputs are
the pumping speed (Spump 1, Spump 2) and outgassing rates (Qa, Qb, and Qc). Data
preprocesses. All cases have been arranged into a matrix of input and output which overall
have 90 samples. To evaluate model performance during the network learning process, it
needs to divide the data into three sections for training, validation, and testing, accounting
for 70%, 15%, and 15%, respectively. To handle the complicated relation of input and
output data, the model would be separated into the independent model for outgassing and
pumping speed prediction, as shown in Figure 22.
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4.2.2. Select Architecture and Training the Network

The development of the neural network could be addressed in varying implemen-
tations, which can consider three major categories, including classification, prediction,
and regression model. In this work, we provided the multilayer network architecture
that was performed in a regression task used to approximate a function of input corre-
sponding to the continuous output from the model. In general, there are various factors
to take into consideration for a good network depending on the complex relation of
data and area of application. One of the most common techniques that are possible
to examine network performance is changing of hidden layer size and neural number
in each layer. Moreover, the learning algorithms are the crucial points that need to be
regarded to optimize the weight and bias of the network. The Scale Conjugate Gradient
(Trainscg) is a potential algorithm for regression that corporate to the Linear Transfer
function (purelin) in each neural node of the model. The configuration of the network
on the MATLAB program (MATLAB 2020b License No. 199467, Suranaree University of
Technology) was displayed in Figure 23.
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Figure 23. MATLAB program pretraining configuration.

The training part is performed to allow the network to adjust its weight and bias
parameter corresponding to the error between the estimated output and the target. The
random initializing of weight and bias caused the difference of result in training; by this
reason it needed to be retrained beneficial to capture the best network model. As the result,
Figure 24 indicated the performance curve based on Mean Square Error (MSE) cost function
of the outgassing and pumping speed prediction model.
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The two performance graphs displayed the minimizing of MSE over the training itera-
tion (Epochs). The minimum value of MSE would be the best network model; meanwhile,
it needs the validation check in each epoch to manipulate an overfitting phenomenon. The
experiment revealed that the optimal network of outgassing and pumping speed model is
verified MSE representing 3.9643 × 10−23 at 97 epochs and a14.4588 at 140 epochs. Imple-
mentation of the regression network model must be evaluated using the R2. For perfect
function approximation are given R2 = 1; however, there are many uncertainties that affect
this value, for instance, outlier, missing value, and amount of data point. Figure 25 illus-
trates the recession result in R2 at the best validation point, which is displayed as 0.99851 for
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outgassing and 0.99234 for the pumping speed model. It is implied that the network model
can be used to predict the output in a limitation of supervising data set. The analysis result
will be validated with actual experiment data. Consequently, the appropriated network
can apply to the control system, which leads to increased reliability of the UHV process.
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4.2.3. Analysis of Estimation Model Performance

Table 8 displays the steady-state pressure values for the measuring instruments from
four experiments, along with the predicted outgassing results from the neural network.
These predicted values are further validated by Molflow+ simulation. The correlation
between the obtained values and the measurement data can be seen in Table 9.

Table 8. The prediction of outgassing by an ANN from the pressure measurement experiment.

Data Measuring from an Instrument of the Experimental Outgassing Prediction from ANN

Pa Pb Pc Pd Ppump1 Ppump2 Qa Qb Qc

9.0659 × 10−10 1.8665 × 10−9 2.2665 × 10−9 2.5331 × 10−9 5.8662 × 10−10 1.7332 × 10−9 5.89 × 10−11 2.63 × 10−11 3.13 × 10−10

8.3993 × 10−10 1.7332 × 10−9 2.2665 × 10−9 2.3998 × 10−9 6.1328 × 10−10 1.7332 × 10−9 5.83 × 10−11 2.24 × 10−11 3.11 × 10−10

1.0399 × 10−9 1.8665 × 10−9 2.3998 × 10−9 2.5331 × 10−9 5.0662 × 10−10 1.8665 × 10−9 5.88 × 10−11 2.43 × 10−11 3.05 × 10−10

9.1992 × 10−10 1.8665 × 10−9 2.2665 × 10−9 2.5331 × 10−9 6.5328 × 10−10 1.7332 × 10−9 5.97 × 10−11 2.84 × 10−11 3.11 × 10−10

Table 9. The comparison result between prediction and experiment.

Experimental Results for Determining the Pumping Speed and Root Mean Square Error

Calculation ANN RMSE

Spump1 Spump2 Spump1 Spump2 Ppump1 Ppump2

312.34 342.26 253.33 266.00 9.84804 × 10−22 7.53585 × 10−21

313.56 342.26 242.81 272.79 5.95539 × 10−23 2.82551 × 10−22

308.29 344.31 249.88 268.52 1.15294 × 10−20 1.35753 × 10−20

315.31 342.26 239.84 273.63 5.96047 × 10−23 1.35492 × 10−21

From experimental Table 9, data from four measurements were collected and used
to calculate the pumping speed. The table on the left displays the results calculated from
the equation, the middle shows the results obtained from the neural network method, and
the right displays the calculation of the root mean square error for each data. During the
experiment, there were two sputter-ion pumps. Firstly, the values of pumping speed 1 and
pumping speed 2 calculated via the equation were 312.34 and 342.26, respectively, while
the values obtained via the artificial neural network method were 253.33 and 266.00. The
corresponding root mean square errors were 9.84804 × 10−22 and 7.53585 × 10−21, respec-
tively. Secondly, the values for pumping speed 1 and pumping speed 2 calculated via the
equation were 313.56 and 342.26, respectively, while the values obtained via the neural
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network method were 242.81 and 272.79. The corresponding root mean square errors were
5.95539 × 10−23 and 2.82551 × 10−22, respectively. Thirdly, the values of pumping speed
1 and pumping speed 2 calculated via the equation were 308.29 and 344.31, respectively,
while the values obtained via the neural network method were 249.88 and 268.52. The
corresponding root mean square errors were 1.15294 × 10−20 and 1.35753 × 10−20, respec-
tively. Lastly, the values for pumping speed 1 and pumping speed 2 calculated via the
equation were 315.31 and 342.26, respectively, while the values obtained via the neural
network method were 239.84 and 273.63. The corresponding root mean square errors were
5.96047 × 10−23 and 1.35492 × 10−21, respectively. Upon considering the root mean square
error, it was found that the values were very small. Furthermore, when considering the
increase and decrease of the pumping speed, it tends to go in the same trend.

5. Conclusions

Synchrotron light production requires advanced vacuum technology to stabilize and
prevent electron interference in a UHV pressure environment of about 10−9 Torr, which
may affect the quality of light. To achieve this, a vacuum pressure system is created, and
leak detection is performed. A fuzzy controller design is used in UHV systems to measure
pressure from the instrument in a steady state. The Molflow+ program is used to simulate
the outgassing rate of the system and feed it into the learning process of a neural network to
create a model of the UHV system. Since current mathematical models are insufficient and
complicated for estimation in all situations, an artificial neural network is used to simulate
a mathematical model that aligns with experimental results.

The experimental results revealed the steady state pressure at the location where the
measuring instrument was installed. The pressure obtained from the test corresponds
to the pumping speed equation, but it cannot determine the outgassing rate of the sys-
tem. To determine the outgassing rate, Molflow+ simulations are used. The simulation
results are then used in neural network learning to model the vacuum system and pre-
dict pumping speed performance. The resulting model is validated by comparing the
results of the reverse simulation with the Molflow+ program and the actual measurement
data. It was found that the obtained values were similar, with RMSE values ranging
from 1.3575 × 10−20 to 5.9554 × 10−23. In this research, the efficiency of the pump was
evaluated by utilizing the Molflow+ program in combination with an Artificial Neural
Network (ANN). This method enabled suitable UHV control as an alternative to complex
mathematical models. The findings can be applied to predict the pump’s service life and
maintenance planning.

In addition, there are several industries that use UHV systems in their manufacturing
or research processes, such as the semiconductor industry; UHV systems are used in
the production of semiconductor wafers to create highly precise, defect-free electronic
components. The UHV environment helps to prevent contamination and ensure consistent
quality throughout the manufacturing process. In the thin film deposition industry, UHV
systems are also used in the production of thin films for various applications, such as optical
coatings, electronic devices, and solar cells. The UHV environment is necessary to achieve
high-quality, uniform deposition of the thin films. In surface science research, UHV systems
are used extensively to study the properties of surfaces and interfaces. UHV systems allow
researchers to investigate these surfaces without interference from atmospheric gases or
contaminants. In all of these industries, the use of fuzzy logic can help to optimize the
performance of the UHV system and improve the quality and consistency of the products
or research results. By using fuzzy logic to control the various parameters and components
of the UHV system, it is possible to achieve highly precise and efficient operation, leading
to better results and reduced costs, as well as reducing the risk of human error.
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