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Intelligent speed control of a Stirling engine using artificial neural
network
Mohammadreza Hojati1, Ehsan Mansouri1
Abstract
The Stirling engine is a kind of external combustion engine that is ideal for converting renewable energies to electricity
or mechanical energy forms. Therefore, monitoring and controlling some of its parameters such as its speed is
important. The purpose of this paper is to control a Stirling engine flywheel rotation speed using an intelligent parameter
predictor. Since various parameters affect motor performance, determining the optimal value of them manually is
impossible. Therefore, linking these parameters together and finding a relationship between them would be beneficial.
Hence, using artificial intelligence (AI) to find a quick and efficient solution is particularly important. At the studied
Stirling engine, speed, cold sink and ambient temperatures are defined as input parameters, and hot sink temperature is
considered as the output parameter that should be calculated. To discover the relationship between inputs and output,
an artificial neural network (ANN) is used. The results of this study showed that the use of ANNs can be significantly
helpful in controlling engine speed.
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1 Introduction

and engine ratio of impermeability can affect the engine
performance and its efficiency [3].

The energy crisis is one of the most important problems in
the world that has affected people`s lives significantly. One
of the ways to cope with this problem is to use renewable
energy sources such as solar energy, biomass, and wind
energy. A lot of efforts have been made to make useful
converters that can work by heat sources with low
temperature differences, which is necessary for use in most
renewable sources. These efforts have led researchers to use
Stirling engines [1, 2]. During the 20th century, at the same
time with the development of internal combustion engines
and electrical motors, Stirling engines have been developed
dramatically, as well [2].

Solar energy is one of the most beneficial energy sources to
run a Stirling engine. There are different ways to utilize this
clean and accessible source of energy. For instance, flat and
concentrating collectors are two useful means for
harnessing solar energy to be used for these engines. Flat
collectors are used for low temperature differential (LTD)
Stirling engines and concentrating collectors are used for
high temperature differential (HTD) ones. LTD engines
have attracted much attention in developing countries for
uses like power generation and water pumping [1].

The Stirling engine compared with other types of heat
engines is known as one of the most efficient ones with high
performance. Operation of the Stirling engine is based on
compression and expansion of a working fluid such as
hydrogen, air, or helium in two cylinders and with two
pistons which have angular phase difference that causes the
working fluid to move through these two cylinders. Various
factors such as physical properties and working fluid
temperature, heat transfer coefficients, the temperature
difference between hot and cold sources, regenerator
efficiency, mechanical joints properties, working pressure,
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Various parameters can affect Stirling engine performance
and are effective in optimizing engine efficiency. Produced
torque is the most important parameter among [2]. For
optimizing the Stirling engine parameters, there are many
methods such as finite element method (FEM), Genetic
Algorithm (GA), and Taguchi method [2]. Another method
that can be named is the artificial neural network (ANN)
that is used for estimating engine parameters [1, 2]. The
reason for using these methods is not only for optimizing
the engine parameters which leads to decreasing financial
expenses but also for decreasing the time of the
optimization process [3].
Neural networks have the ability to model complex
nonlinear systems and this is why they are used for the
problems that can be solved by using input and output
system data instead of mathematical equations and this is
the reason that scientists and engineers are interested in it
[1, 2]. The neural network can be used in all the fields that
are about optimization, signal processing, manufacturing,
and production lines, and power plants [2, 3].
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Nomenclature [1]
Symbols

Subscripts and superscripts

H

convective heat transfer coefficient
w/m2K

C
c

cold sink
cold gas

P

instantaneous pressure (Pa)

H

hot sink

M

total gas mass inside the engine (Kg)

d

displacer piston

V

volume (m3)

p

power piston

T

temperature (K)

reg

regenerator

R

gas constant J/kgK

ds

dead space

S

cross sectional area (m2)

X

liquid piston position (m)

Greek letters

Y

displacer piston position (m)

difference

Power

generated power (w)
maximum displacement of power piston
(m)
maximum displacement of displacer
piston (m)

∆
𝛾

heat capacity ratio of working fluid

𝜔

rotational speed

x0
y0

The first step for using neural network technology to
control a Stirling engine has been done by TavakolpourSaleh et al. [1]. They have implemented a neural network
model on a liquid piston solar Stirling engine with a new
design so that according to different working conditions,
the maximum output power can be taken from the engine
intelligently. One of the tasks of the system is to control the
working speed of the engine based on different temperature
conditions in the hot and cold sources of the engine.
Ahmadi et al. [2], have used a neural network to estimate
the torque of a Stirling engine. They have prepared a highperformance predicting tool to determine the system
variables with high speed and accuracy. The neural
network designed by them has a high level of resistance to
system changes and uncertainties and it is very useful for
Stirling engine designers. Also, Ahmadi et al. [3], for the
first time have used an intelligent model as a means of
predicting, to estimate output power and torque of a
Stirling engine.
Ozgoren et al. [4] have used a neural network to predict the
amount of torque and power of a Stirling engine type beta
with helium as working fluid. They could obtain the best
results by using 5-11-7-1 and 5-13-7-1 with two hidden
layers structure of back-propagation type. Ahmadi et al. [5]
have used the neural network method, GA, and particle
swarm optimization to estimate the power of a solar
Stirling engine. Their aim for using this method is to create
an optimized neural network and to avoid incomplete and
imperfect convergences and according to the results, their
method has been successful. Balabin et al. [6] have used
neural network tools (nntools) in MATLAB to analyze

𝜐

frequency

𝜂𝑟𝑒𝑔

regenerator efficiency

biodiesel fuel which is one of the useful fuels for the
Stirling engines. They could build an efficient model of
biodiesel fuel. The results of this research indicated the
superiority of the neural network compared to linear
methods such as multiple linear regression (MLR),
polymerase chain reaction (PCR), partial least squares
(PLS), and nonlinear methods such as quasi-nonlinear
(poly-PLS, Spline-PLS). Chouai et al. [7] have used a
neural network to model thermodynamic properties of
refrigerants’ which are used in Stirling engines. They could
obtain the values of refrigerants thermodynamic properties
by using the neural network especially entropy and
enthalpy for refrigerants R134a, R32, and R143a. The
model obtained in this study can be used as a design tool.
Jokar et al. [8] have made a water pump by using a low
temperature Stirling engine and solar energy. This project
is a combination of a Fluidyne and a Stirling engine type
gamma with adjustable frequency for pumping water. They
were able to pump water to a height of 1.5 meters by this
method. Ahmadi et al. [9] have used GA for thermal and
economic optimization of a Stirling engine. They could
maximize the engine performance index and its heat load
by using multi-objective optimization and nondominated
sorting genetic algorithm II (NSGA-II) methods. Toghyani
et al. [10] have used GA to optimize heat exchanger
performance. They have used the adiabatic analysis to
determine power losses and performance of a Stirling
engine. They showed that the multi-objective and multivariable method is capable of designing the Stirling engine.
Ahmadi et al. [11] have used the NSGA algorithm and
finite speed thermodynamic analysis to optimize Stirling
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engine efficiency and its output power and minimize
pressure losses. Ahmadi et al. [12] have used an
evolutionary algorithm to maximize two objective
functions including output power and overall thermal
efficiency and to minimize entropy generation rate at the
same time. They investigated the best answer using several
selector methods including fuzzy logic, the linear
programming technique for multidimensional analysis of
preference (LINMAP), and the technique for order of
preference by similarity to ideal solution (TOPSIS). The
result they achieved was that by using the multi-objective
and multi-variable method, designing an engine can be
well done and it is because of highly accurate and precise
results obtained from this method.
Li et al. [13] have used GA to obtain Pareto frontiers in a
gamma type Stirling engine to optimize it and then by
using decision-making methods like LINMAP and
TOPSIS, they found the optimal points and they could
reach entropy generation rate to 1/12 by using this method.
Ahmadi et al. [14] have used finite speed thermodynamic
analysis instead of finite time thermodynamic analysis to
optimize Stirling engine parameters and the obtained
results have proven the superiority of this method. Patel et
al. [15] have used the teaching-learning-based
optimization (TS-TLBO) algorithm to optimize Stirling
engine parameters. In this study, eleven geometric and
operational variables were examined and optimized. The
results of this research have shown that the algorithm
presented in this article can easily accept changes needed
for similar issues and then can be applied to them.
Arora et al. [16] have optimized the parameters of a solar
Stirling engine with a concentrator collector using the
NSGA-II algorithm. They could obtain the best values for
their desired variables including output power, thermal
efficiency, and engine thermo-economic function by 4
decision-making methods including Bellman-Zadeh fuzzy
logic, TOPSIS, Shannon`s method, and LINMAP. Ahmadi
et al. [17] have used finite time thermodynamic analysis
and NSGA-II algorithm to optimize a high temperature
solar Stirling engine parameters and at last, they have
calculated the final answer using three decision-making
methods. Luo et al. [18] have used a combination of 3
methods including differential evolution method, GA, and
adaptive simulated annealing to optimize a GPU3 Stirling
engine. They have aimed to try to increase the output
power and to reduce engine power losses. For the
mentioned engine, they succeeded to achieve 3 kW for
power and a 5% increase in thermal efficiency.
For designing an ANN, the first step is the preparation of
training data. It should be noted that the neural network is
strongly dependent on the quality of the training data that
receives. The data that is used for training and adapting the
neural network is divided into three categories and they are
training data, validating data, and testing data.
To train a neural network to perform a certain task, the
weight of each element can be changed. Finally, the neural
network has been trained and output parameters can be

calculated based on specific input data. This process
continues until the desired results are achieved. It should
be noted that there are three main layers in an ANN that are
included: (1) input layer, (2) hidden layer, (3) output layer
[2]. An example of a multi-layered structure of a neural
network is shown in Figure 1.

Figure 1 Example of a multi-layer ANN of feed-forward type

The performance of an ANN can be assessed by comparing
the predicted output values with desired output values and
calculating the error rate. There are many methods to
evaluate the performance of a neural network. Some
examples of these methods include: error rate, mean square
error, relative mean square error, mean relative error [1].
According to the aforementioned resources, there has been
no research on controlling the rotation speed of a Stirling
engine flywheel in different temperature conditions using
ANN, yet. Therefore, in this study, the aim is to control
Stirling engine working speed using data given by a feedforward back propagation neural network for the engine’s
hot sink in different environmental temperature situations
so that by applying that temperature level to the hot sink,
flywheel rotation speed of the engine, remains constant.
The reason for ANN to be used for this purpose is the
ability of this network for nonlinear systems modeling and
estimation of the parameters in conditions that with usual
classic methods, it is not possible to estimate them.
Using a neural network-based intelligent control system
starting up an LTD Stirling engine, has several advantages
including the following [1, 2]:
1.
2.
3.

4.
5.

Due to its intelligent control, it is automated and
doesn`t need any external operator.
The engine because of its smart system, can work
in different working conditions and has the best
performance in these conditions.
If this engine is used for pumping water, its
intelligent system is capable of pumping the water
with the natural frequency of the water column
and this causes resonance in the water column
leading to increasing output water flow.
This control system can adjust engine parameters
so that it can work in conditions close to the
Stirling theory cycle.
The neural network-based smart control has a
high level of resistance and integrity, and
reliability in the face of a low level of uncertainty
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in the amount of the engine torque, based on
different working conditions.
Therefore in the following, firstly, mathematical and
thermodynamic modeling of the engine for designing
issues will be discussed. After that, a description of the
testbed is used in this study, is presented. And finally,
designing and testing of the neural network and
conclusion of the research are presented.

𝑃(𝑥, 𝑦)
=

𝑚𝑟𝑇𝑐 𝑇ℎ
𝑇ℎ (𝑆𝑑 (𝑦0 − 𝑦) + 𝑥𝑆𝑃 + 𝑉𝑐𝑑𝑠 ) + 𝑇𝑐 (𝑆𝑑 𝑦 + 𝑉ℎ𝑑𝑠 )

The total work performed by an engine cycle can be
calculated by the following equation:
0

𝑊 = ∮ 𝑃𝑆𝑃 𝑑𝑥 = ∫ 𝑃(𝑥, 0)𝑆𝑝 𝑑𝑥
𝑥0

2 Mathematical modeling
Stirling engine works based on the Stirling cycle. Figure 2
shows the LTD Stirling engine ideal thermodynamic cycle
considering the irreversibilities. This cycle consists of two
isothermal and two constant volume processes. In order to
design a Stirling engine to work with a specific power, it
should be designed based on thermodynamic and dynamic
equations. For designing the engine Based on Schmidt
theory, the following conditions must be assumed [8]:
1.
2.
3.
4.
5.

The flow in the outlet pipe is time-unsteady.
The flow is laminar and fully developed.
The fluid is incompressible.
The fluid is Newtonian with constant viscosity.
The fluid velocity profile is symmetrical with
respect to the center line of the pipes.

𝑥0

+ ∫ 𝑃(𝑥, 𝑦0 )𝑆𝑝 𝑑𝑥 ⇒
0

(3)
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑑 𝑦0 )
= 𝑚𝑟𝑇𝑐 (𝑙𝑛(
)
𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 ) + 𝑇𝑐 𝑉ℎ𝑑𝑠
𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑇𝑐 𝑦0 ) + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 )
))
+ 𝑙𝑛(
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 + 𝑆𝑑 𝑦0 )
The heat necessary for the isothermal expansion is as
follows:
𝑊

𝑄ℎ′

𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 ) + 𝑇ℎ 𝑉𝑐𝑑𝑠
𝑚𝑟𝑇𝑐
(𝑙𝑛(
)
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑑 𝑦0 )
𝑇𝑐 − 𝑇ℎ
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 + 𝑆𝑑 𝑦0 )
+ 𝑙𝑛(
))
𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 ) + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 )
=

(4)

The heat is released to the cold source during an isothermal
compression process, can be calculated as follows:
𝑄𝑐′

𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 ) + 𝑇ℎ 𝑉𝑐𝑑𝑠
−𝑚𝑟𝑇𝑐2
(𝑙𝑛(
)
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑑 𝑦0 )
𝑇𝑐 − 𝑇ℎ
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 + 𝑆𝑑 𝑦0 )
+ 𝑙𝑛(
))
𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 ) + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 )
The heat stored in regenerator is as follows:
=

𝑄𝑟𝑒𝑔 = 𝛥𝑚𝐶𝑣 (𝑇ℎ − 𝑇𝑐 ) = 𝛥𝑚
𝛥𝑚

𝑟
(𝑇 − 𝑇𝑐 )
𝛾−1 ℎ

(5)

(6)

𝑚𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 )
(7)
𝑇ℎ 𝑉𝑐𝑑𝑠 + 𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 )
𝑚𝑉ℎ𝑑𝑠 𝑇𝑐
−
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 + 𝑆𝑑 𝑦0 )
The total heat received from the hot source, can be
calculated as follows:
=

Figure 2 General irreversible Stirling cycle [8]

According to calculation done by Jokar et al. [8], LTD
Stirling engine can be modeled as follows:
𝑚 = 𝑚ℎ + 𝑚𝑐 + 𝑚𝑟𝑒𝑔 ⇒
𝑚
𝑃(𝑆𝑑 𝑦 + 𝑉ℎ𝑑𝑠 )
=
𝑟𝑇ℎ
𝑃(𝑆𝑑 (𝑦0 − 𝑦) + 𝑥𝑆𝑝 + 𝑉𝑐𝑑𝑠 )
+
𝑟𝑇𝑐
Equation (1) can be rewritten as follows:

(2)

𝑄ℎ

(1)

𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 ) + 𝑇ℎ 𝑉𝑐𝑑𝑠
𝑚𝑟𝑇𝑐
(𝑙𝑛(
)
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑑 𝑦0 )
𝑇𝑐 − 𝑇ℎ
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 + 𝑆𝑑 𝑦0 )
(8)
+ 𝑙𝑛(
))
𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 ) + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 )
𝑟(1 − 𝜂𝑟𝑒𝑔 )
(𝑇ℎ − 𝑇𝑐 )
+𝛥𝑚
𝛾−1
The total heat released to the cold source is determined
as follows:
=
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𝑄𝑐

𝑚𝑟𝑇𝑐2
𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 ) + 𝑇ℎ 𝑉𝑐𝑑𝑠
=−
(𝑙𝑛(
)
𝑇𝑐 − 𝑇ℎ
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑑 𝑦0 )
𝑇𝑐 𝑉ℎ𝑑𝑠 + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 + 𝑆𝑑 𝑦0 )
))
+ 𝑙𝑛(
𝑇𝑐 (𝑉ℎ𝑑𝑠 + 𝑆𝑑 𝑦0 ) + 𝑇ℎ (𝑉𝑐𝑑𝑠 + 𝑆𝑃 𝑥0 )
𝑟(1 − 𝜂𝑟𝑒𝑔 )
(𝑇ℎ − 𝑇𝑐 )
−𝛥𝑚
𝛾−1
The total efficiency of the engine is as follows:
ℎ
𝑆𝑑 (𝑇𝑐 − 𝑇𝐶 )
𝜈
𝜂𝑡 = 1 −
ℎ
𝑆 (𝑇 − 𝑇ℎ )
𝜈 𝑑 𝐻

(9)

crankshaft, the displacer starts to come back to its first
place, causing working fluid to receive heat from the hot
sink, again. This process continues repeatedly until the hot
source stops exchanging heat to the hot sink.
In this engine, there is a hole for passing of the displacer
piston rod, but its diameter is a little bigger than the rod.
The reason for this extra diameter is to let hot air pass
through this hole and fresh air comes back to the displacer
cylinder.

(10)

The total power of the engine based on Stirling ideal cycle,
is as follows:
𝑃𝑜𝑤𝑒𝑟 = ℎ𝑆𝑑 (𝑇𝐻 − 𝑇ℎ ) − ℎ𝑆𝑑 (𝑇𝑐 − 𝑇𝐶 )

(11)

𝜔 = 2𝜋𝜈

(12)

And finally, the flywheel rotation speed will be as follows:

The purpose of this article is to control the Stirling engine
flywheel rotation speed. Therefore, displacer and power
pistons’ movement and their speed should be adjusted in
such a way so that the desired angular velocity is achieved.
For this purpose, hot sink temperature must be controlled.
For controlling the hot sink temperature, a testbed must be
set up to evaluate the engine performance, and based on the
obtained information from this testbed, the engine control
program can be established.

3 Stirling engine testbed

Figure 3 An LTD Stirling engine

The temperature control system as shown in Figure 4, has
a temperature sensor that is installed on the hot sink and
based on the read temperature, it turns on and off its heaters
so that hot sink temperature reaches the desired range. This
controller has two output channels for powering two
heaters with different power ranges, which are used for
better controlling the hot sink temperature.

The testbed is considered for this study includes an LTD
Stirling engine, a temperature controller, a data logger, and
a computer. Figure 3 shows the fabricated LTD Stirling
engine. This engine consists of hot and cold sinks, a
crankshaft and a flywheel, power cylinder and piston, and
displacer cylinder and piston. In this engine, a rubber
diaphragm is used as the power piston and the displacer
piston is made of a lightweight material to be able to move
easily due to the type of the engine. Since this engine is a
kind of low temperature, by any conventional heat source,
it can be started up. In this experiment, two electric heaters
are used as the heat source. The working fluid used for this
engine is air and its pressure is the pressure of the air at that
location.
The engine working steps are as follows: first of all, the hot
sink which is located at the bottom of the engine receives
heat from the heaters and releases this energy to the
working fluid (air) in the displacer cylinder. After that, hot
and expanded air moves to the power cylinder, causes the
power piston (diaphragm) to move. By the diaphragm
displacement, the crankshaft that is connected to it through
a connecting rod starts to rotate. By rotation of the

Figure 4 Temperature controller

For measuring engine working data and its performance, a
data logger as shown in Figure 5, is used. This data logger
records hot sink and cold sink temperatures, ambient
temperature, and flywheel rotation speed with its
temperature and the Hall Effect sensors and then sends
them to the computer. It should be noted that on the surface
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of the flywheel, 6 magnet pieces are installed to let the Hall
Effect sensor record more accurate data.

4.1 Training data preparation
As noted above, to create a neural network and train it,
firstly it is necessary to provide the training data. The data
has been obtained by the test bed shown in Figure 7.

Figure 7 LTD Stirling engine testbed
Figure 5 Data logger

The seats for the temperature controller and data logger
temperature sensors on the engine sinks are shown in
Figure 6. As it is clear in the picture, copper and aluminum
cases are used for the sensors and this is because of their
low thermal inertia that makes a faster time response for
them.

Figure 8 shows an example of this engine operation in the
testing environment temperature, recorded by the data
logger.

Sensor seats

Figure 8 Stirling engine performance graph in an ambient
temperature condition

Figure 6 Sensor seats on the sinks

Now, it is time to design and train a neural network by
using the obtained information so that in this way, the
engine can be controlled.

4 Results and Discussion

To train the ANN, 650 samples taken from the diagram, is
intended.

4.2 Creating the neural network
To prepare the neural network, MATLAB nntool toolbox
is used. For this network, 50 neurons are considered for the
hidden layer with the tangent sigmoid (TANSIG) transfer
function and for the output layer, one neuron with
PURELIN transfer function is chosen. Figure 9, shows the
network schematic structure.

As mentioned earlier, to control the Stirling engine a neural
network is needed so that by using the data which is
provided by this network, the engine hot sink temperature
be under control, and thereby, the engine speed can be
under control as well. To train the neural network, the
training data is needed, therefore, it is required at first that
in several different statuses, the engine operation is
recorded and after that, the neural network is trained based
on this data.
Figure 9 Neural network defined for the engine
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As is mentioned above, the training data includes 650
engine operating points. The input data includes cold sink
and air (ambient) temperatures and the flywheel rotation
speed. Hot sink temperature is the output data. As seen in
Figure 8, since there are disturbing factors such as engine
components friction, flywheel rotation speed has reduced
for a few moments in different points. ANN performance
and regression graphs are shown in Figure 10 and Figure
11.

Figure 12 Comparison between ANN output and the real hot sink
temperature

In the figure above, the real temperature and the predicted
temperature are not exactly the same but since their
difference are small, this issue can be overlooked.
Figure 10 Neural network performance graph

4.4 Practical testing of created neural network
At this point, the network should be tested practically in
real conditions to be determined if it is capable of
calculating the hot sink temperature so that by applying it,
flywheel velocity reaches the desired constant speed. In
this test, the purpose is to stabilize speed around 100 rpm.
Therefore, 100 was imported manually to the neural
network as speed data and cold sink and air temperatures
were imported from the sensors. The output data from the
neural network which was hot sink temperature was
applied to the heat controller, manually and it was bringing
hot sink temperature to the specified level. Thus, the engine
was working at the speed around the desired velocity.
Figure 13 shows the engine performance in the new
conditions.

Figure 11 The neural network regression graph

4.3 Neural network testing
After training the network, it is necessary to check ANN
performance to determine if it is accurate enough.
Therefore, its output data should be compared with the
engine hot sink temperature through specified points. To
test the network, an input matrix was created with the data
that was mentioned before. After that, the output data
created by the network is compared with the real hot sink
temperature. Figure 12, shows the results.

Figure 13 Engine performance using neural network determines

As in the graph is shown, there are some irregularities.
These problems may have happened for the following
reasons:
1.

Setting the temperature of the controller manually
and with some delays.
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2.
3.
4.

5 Conclusion
As seen in this article, intelligent controlling of a Stirling
engine to maintain its flywheel rotation speed in the range
of desired speed, was examined. Flywheel speed, hot, cold
and ambient temperatures, are the parameters in this engine
that are evaluated.
Since the discovery of the relationship between these
parameters is out of human ability, utilizing artificial
intelligence can solve this problem properly. However,
other parameters such as friction between the components
of the engine are influential to its performance, but because
of their relatively uniform effects on different engine
working points, they are ignored.
One of the most useful tools in dealing with control issues
is the use of ANN. The network was proposed for this
problem is the type Feed-forward backpropagation with 50
neurons in the hidden layer with TANSIG function and one
neuron in the output layer with PURELIN function. This
network was taught initially by using recorded data of
engine works in a series of working points and after that,
its performance was tested to be determined whether the
network output values coordinate with the real values; and
then, the results of this comparison were presented in a
graph. Finally, the main aim of this project which was
Stirling engine speed control using ANN was investigated
and the results were presented.
The results showed that the network with an error of as
much as 6.99e-05 was effective in determining the
temperature of the hot sink. Not using intelligent control,
means complete loss of engine speed control; since without
utilizing artificial intelligence, not only determining hot
sink temperature is time-consuming, but also having an
online and precise temperature determination is
impossible. Therefore, the use of neural networks in
regards to speed and accuracy it has can solve this problem
effectively. Last but not least, suggestions for further
researches can be presented as follows:
1.

2.

load should be added to the network so that the
intelligent system can determine more accurate
outputs.

Engine components friction.
The neural network errors, which show that the
network is needed to learn more.
The time delays created during the process.

In this study, because the temperature set by the
neural network controller was not applied online,
some beats have appeared in the rotation speed.
Therefore, in the case of optimizing the control
system, it is expected to have smoother results.
Coupling the Stirling engine to a generator in
which the engine is controlled by the intelligent
system, would be very useful because the
generator can be quickly set up by its nominal
working speed in different environmental
conditions. But it should be noted that to achieve
this purpose, other parameters such as generator
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