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The following chapter presents a new non-experimental, cross-sectional model simulated in a control design
using RNA and in a MATLAB programming environment -Lab environment interacting with a Raspberry Pi
computer, which will be ideal for real-time data acquisition and control, providing the ability to make optimal
decisions, perform maintenance forecasts, and reduce costs in manufacturing equipment such as DC motors,
thereby achieving optimal manufacturing and higher quality using emerging technologies. We are currently
undergoing a profound transformation in manufacturing processes with the advent of Industry 4.0, particularly
with smart factories that require interconnected devices equipped with artificial intelligence. The model
proposed in this paper is adaptable to various industrial contexts and new digital technologies, which will enable
its application in data analysis, processes involving smart devices, and continuous improvement. Furthermore,
by integrating and implementing technological tools such as artificial intelligence and real-time data analysis
into electric motors as a fundamental component of manufacturing processes, we contribute to higher-quality
manufacturing and a vision of continuous improvement in manufacturing processes. This study demonstrated
that the use of variables to control DC motors using RNA is an inherent necessity in today’s world; it also
presented the methodology used to train the network in order to control the neural network with recurrent
networks. It also confirmed that the motor’s performance—such as its ability to stop at maximum speed to meet
the needs of the process or the machine it drives—was optimal. This supports the objective of the study and
leads us to the hypothesis that replacing conventional control systems with an RNN in motor operation for
variable control is more functional.
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Abstract

Currently, manufacturing and artificial intelligence are fundamental for organizations, providing optimal
decision-making, accurate maintenance forecasts, and reduced manufacturing equipment costs, resulting
in higher-quality production. The implementation of new technologies, such as neural networks applied
to motors in transient states, expands the possibilities for achieving continuous improvement in company
productivity. This research proposes the use of neural networks to control the speed and position of a DC
motor as part of a continuous improvement in efficiency levels and real-time monitoring, allowing for
data analysis and simulation of automatic control systems. The methodology used is non-experimental
and cross-sectional, simulating a control design interacting with an neural network in the MATLAB
programming environment and with a LabVIEW module interacting with a Raspberry Pi computer, ideal
for data acquisition and control.

Artificialintelligence applied to direct current motors as a continuous
improvement in their monitoring and performance
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Resumen

Actualmente la manufactura y inteligencia artificial son fundamental para las organizaciones,
proporcionando toma de decisiones optimas, prondsticos certeros de mantenimiento, reduccion de costos
en equipos de manufactura logrando una fabricacion de mayor calidad. La implementacion de las nuevas
tecnologias como son las redes neuronales aplicada a motores en estado transitorio amplia las
posibilidades de lograr una mejora continua en la productividad de las empresas. Esta investigacion
propone la utilizacion RNA para controlar la velocidad y posicion de un motor de CD como parte de una
mejora continua en los niveles de eficiencia y monitoreo en tiempo real en los mismos permitiendo
analizar datos y simular sistemas de control automatico. La metodologia usada es no experimental,
transversal simulando en un disefio de control interactuando con una RNA en un del entorno de
Programacion Mat-Lab y con un médulo LabVIEW interactuando con una computadora Raspberry ideal
en adquisicion y control de datos.

Inteligencia Artificial aplicada a motores de corriente directa como
mejora continua en su monitoreo y rendimiento
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Introduction

We live in a competitive and globalised world where manufacturing using artificial intelligence is
essential for organisations, as it facilitates optimal decision-making, while predicting and solving
maintenance problems more quickly. This can help reduce costly equipment repairs and avoid production
interruptions, leading to higher quality manufacturing by reducing time and costs.

This is a hot topic in the manufacturing industry, whose fundamental objective is to convert raw
materials into finished products with added value, ready for consumption or distribution. This is where
implementing artificial intelligence as a new technology has an impact on aspects ranging from
manufacturing to continuous productivity improvement to achieve organisational success.

All of this is essential for organisations, as we are currently experiencing the fourth industrial
revolution, whose main objective is the digital automation of organisations in manufacturing and all
related services. The integration of production and physical operations with intelligent digital technology
applied to their devices achieves automated learning and real-time monitoring to create more functional
and up-to-date systems.

This is the case with motors, which are used in most industrial equipment such as assembly lines
and production process automation to perform repetitive activities optimally.

It is important to mention that motors, especially DC motors, are essential for precise speed
control due to their ability to easily and efficiently change from a stopped position to maximum speed to
meet the needs of the process or machine they drive. This ensures that the motor operates at the right
speed for the process, saving energy, protecting materials and machines from damage, and ensuring high-
quality production.

However, for these motors to function optimally, they must have control systems that ensure they
operate at their optimal parameters so that processes are efficient, while saving energy, protecting
materials and machines from damage, and ensuring high-quality production.

However, despite the fact that electric motors are widely used in industrial applications such as
electric manipulators and manufacturing, where high-performance control of speed, position, and motor
shaft torque is required, there is the problem that in order to synchronise these controllers correctly, it is
necessary to obtain a mathematical model and parameters such as the precise speed and torque of the
machine, which are commonly obtained offline. This causes the machine parameters to vary due to its
operation, causing these controllers to lose their synchronisation and gradually decrease their adjustment,
resulting in an error in the controlled variables.

In such situations, adjusting the system to carry out control becomes an economically unviable
process due to the prolonged periods of maintenance and system adjustment, forcing the company to use
valuable time to resume production, not to mention the possible collateral damage that may occur to other
equipment.

This leads us to the conclusion that it is necessary to use new technological tools such as Al
(artificial intelligence), such as RNA neural networks in these devices, expanding the possibilities of
achieving an improvement in the performance of this equipment and its devices, in this case motors in a
transient or stationary state, and paving the way for new digital implementations in the future in
manufacturing processes (Singh, 2021; Sarah, 2019).

This research proposes the use of RNA to control the speed and position of a DC motor as part of
a continuous improvement in the levels of reliability and efficiency in real-time location recognition and
fault recognition in these motors.

To create the mathematical algorithm for the control system, a Mat-Lab programming
environment will be used, which will allow us to analyse the data and simulate automatic control systems,
making the design-based process more accurate and enabling us to validate the data obtained
experimentally in order to verify the proposed hypothesis.
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Background

The development of artificial intelligence paved the way for advances in engineering in general. It has
been applied in various fields, such as predicting energy consumption for heating (Jovanovi¢, 2016),
predicting kinematic errors in five-axis machines (Bettine, 2018), modelling machining parameters
(Vujovic, 2016; Gruyitch 2020), and optimising the traditional Montenegrin chair.

Previous studies on artificial intelligence have already demonstrated the current importance of its
application in manufacturing systems.

This is the case with model-based fuzzy controllers with a fuzzy dynamic model, such as the IMC
scheme, which demonstrated good robust performance in flow control (Xie, 2000) and showed that this
control method can be used with artificial neural networks (ANN) to control nonlinear systems (Ali,
2023).

However, there are cases, such as in the linear model, as is the case with motors in normal
operation, that do not fully describe the dynamic behaviour of the object, as they must consider the main
non-linear effect, such as speed-dependent friction, dead zone and backlash. This can be remedied by
using ANNSs.

This leads us to conclude that the use of Al efficiently optimises these systems, as in the case of
the introduction of fuzzy logic concepts, which is an experimental control theory that provides a
significant change. Fundamentally, fuzzy logic allows the processing of multiple potential truth values
using a single variable represented by a linguistic value. Fuzzy logic controllers (FLCs) can be used in
motors to control the speed of DC motors. For example, in (Hammoodi, 2020; Salim 2015; Tariku, 2020)
it was demonstrated that FLCs represent a better option than traditional PID controllers. A comparison
between PID, FLC, and fuzzy PID controllers revealed that fuzzy PID guarantees superior performance
to the other two controllers (Salim, 2015; Natalija, 2023).

In certain cases, it has been demonstrated that the technique combining fuzzy logic and artificial
neural networks (ANN) involves the use of an adaptive neuro-fuzzy inference system (ANFIS) for motor
control.

In control system metrics, including steady-state error control, rise time, stabilisation time and
recovery time, the ANFIS controller outperforms conventional Pl controllers, fuzzy PID controllers and
fuzzy variable structure controllers (Prenkumar, 2016), which justifies the importance of this work.

There are numerous techniques available for controlling the angular velocity of a DC motor.
Undoubtedly, the use of classic PID controllers is one of the most common techniques due to its
simplicity, ease of installation, and cost-effectiveness. Parameter tuning for PID controllers, although
other methods can also be used (Hammoodi, 2020). On the other hand, the advantages of the PSO
algorithm and the gravitational search algorithm were combined to develop the parameters of the fuzzy
P1 controller for the DC motor (Song, 2020).

However, despite all these new methods, optimal efficiency has not been achieved, as in the case
of the neuro-controller, which did not achieve a notable advantage over the conventional one. Compared
to the fuzzy logic controller (FLC), where both controllers performed well, the RNA controller reacted
faster to speed adjustment and the stabilisation time was shorter, but it did not achieve the desired effect
(Zhou, 2019). However, an adaptive neural speed controller could be applied (Azman, 2017).

Methodology

The methodology used is an experimental, cross-sectional methodology in a prototype. This control
prototype works with the interaction of the Mat-Lab programming environment interacting with a
LabVIEW Real-Time (RT) module that combines its graphical programming with a real-time operating
system that will be ideal for data acquisition and control, as well as working with Raspberry, as this
device will facilitate the optimal performance desired for the project, since it has the advantage of being
able to acquire data from most DAQ devices using a USB interface.



43

Although the system used in it is Linux with the WOA Deployer programme, it is possible to
prepare a micro-SD card to use Windows 11 on the Raspberry Pi, which is necessary for the interface
with the client-server protocol.

Development

As the first step in this process, the programme to be used to control the motor is developed using the
libraries integrated into the Matlab Simulink software, which compiles the Simulink programme into
Python through Real Time Workshop. so that they can later be taken by the LabVIEW card in a client-
server configuration and executed by the Raspberry card, using it as a data acquisition card.
Subsequently, through a LAN network in a client-server configuration, it will be monitored to ensure
that the algorithm fulfils its purpose of allowing the data card to save and graph the process data.

Physically, power will be supplied to the motor by means of a power amplifier between the motor
terminals and the output from the card, which should have a 12-bit register at 5 volts. It is important to
mention that the power amplifier has a current feedback system that circulates through the motor
armature for optimal system damping. It also has a digital incremental position encoder with a 90-degree
signal phase shift and a resolution of 2000 cycles per revolution and in quadrature.

This will achieve 4 transactions where the resolution is 7990 transactions per rotation of the motor
shaft (360 degrees).

This is coupled to a clutch loading process connected to a toothed belt (ratio 1:3.6) and, in turn,
to a rigid arm placed on the motor shaft. The process begins by developing the control algorithm in
Matlab software using Simulink libraries through the blocks that are already integrated in them. When
performing the procedure, it reports the step function response of the direct current motor's speed and
position on the motor shaft, which results in curves when using input parameters U(k) =0, 0.1, ... with a
time Ts = 0.0001 seconds (Fig. 1 and Fig. 2).
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Figure 1
Graph showing the position of the motor shaft for a step response.
Source: Own Elaboration
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Step Response, DC Motor: Position
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Graph showing the speed of the motor shaft for a step response
Source: Own Elaboration.

Subsequently, using proportional-derivative control, the system is discretised to obtain the
necessary data as a reference so that the results can be evaluated at the end of the process. ec. 1.

K:
—:KP+?+de (1)

This equation allows us to observe the parameters that the Kp, Ki, and Kd controllers will process.
However, if the integrators are replaced by ec 2.

T
1—2z71

)

We can find a more realistic discrete approximation of this controller. Where the sampling time
is given by Ts, which is found by Eq. 3 and Eq. 4.

_KpT [1— 200+ [KT] + (K (1 —z.D)?2

g T -7 bz ©
(1-2z"YUz = [Kp + KTy + (1 —2z"H?]E; 4)
Uy =Kp ey —e(k—1)] + KT, e(k) + Ka [e(k) —2e(k—1)—e(k—2)] +ulk—1) (5)

Ts

As we can see, Eqg. 5 is known as the speed PID, because the control value calculated in the
interaction has already been performed previously.

As an initial phase, the motor filtering performs an analysis of the system output feedback signal,
which is provided by a position encoder that must be digital due to the process it performs.

Subsequently, speed control tests are performed on the motor drive shaft, for which it is necessary
to evaluate it based on the data recorded with the position information. It is important to mention that the
encoder operates in quadrature, which means that its working torque generates 90-degree disguised
signals.
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Doing this will allow us to know the direction of rotation of the drive shaft while also allowing
us to quadruple and optimise the resolution of the encoder. Continuing with the process, a numerical
differentiation method will be used to assess the motor speed. ec. 7

0(k)—6(k—1
witp = 2B =06 ©
W _z—1)
(1) = —7=0(2) ™

A very important factor to consider is the sampling time Ts for better system performance. It
should be noted that this method can cause a lot of noise in the system, leading to large increases in
position relative to time, especially when the speed is very low, which is a peculiarity that causes
disturbances. Even if this noise is amplified to a large extent, it will affect the optimal functionality of
the system. Therefore, a bandpass filter is proposed to avoid this.

It is important to mention that there is a possibility that noise amplification may occur during the
experiment, affecting the quality of the system. This can be mitigated by using filters that optimise the
speed magnitude, for which a bandpass filter is proposed. It is important to mention that the DC speed
transfer function is given by Eq. 8.

v(s) = s6(s) (8)

Analysing the figure, we can see the Bode graph (8), which shows a gain increase of 20 decibels
in the decade divider and a constant phase advance of ninety degrees, making it optimal for the system
as it amplifies the frequency signals. Fig. 3.

Bode Plots: H(s) = s

®©
(=1

=N
<

S
[—)

]
(=]

Magntude (dB)

(=]

2 0

180 ........... T R e R R P R T

o
<

wn
(=]

Phase (degcres)

—
<

AN Hz

Figure 3
Results obtained from the derivative calculated using a Bode diagram with a graphing
range from 0.1 to 1100 Hertz a) gain diagram, b) phase diagram

Source: Own Elaboration




46

Bode Plots: H(z)=z"'(1- T;z)
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Same shunt made with a Bode diagram varying the frequency a) gain diagram, b) phase
diagram.

Source: Own Elaboration

Analysing the Bode diagram in Fig. 4, which has the characteristic of a finite differentiator and
shows a graphing interval from 0.1 to 1100 Hertz made with a sampling time (Ts) of 0.0001 seconds and
reporting 500.0 Hertz of Nyquist frequency. The figure also shows the phase diagram with a gain slope
of 20 decibels.

It is important to note that the differentiator maintains a phase shift of ninety degrees at all times,
but if we change the frequency to 101 Hertz, it will gradually fall to 0 degrees when monitored at the
Nyquist frequency.

As shown in Figure 5a, the differentiator maintains a gain of 20 decibels per decade, which is a
frequent feature of the differentiator before obtaining a Nyquist frequency of 500 Hertz witha TS = 0.001
seconds and a zero output, i.e., an overlap effect was achieved.

It is important to mention that in order to achieve a completely digital signal, average periods of
the value of the frequency device to be recovered must be handled. This is based on Shannon's theory.
This leads us not to estimate the upper limit of the Nyquist frequency working range.

Therefore, En must be 500 Hertz, leaving the sampling period at Tn at 0. 002 seconds. This is
achieved by the differentiator used to obtain the derivative of the signal, which means that when the
theorem is reapplied to the system, the highest value that can be recovered is Ts, which is 0.004 with an
optimal working frequency of 250 Hertz, as shown in Figure 5.

This leads us to find the maximum working frequency, depending on the sampling period,;
however, it is important to note that the process that was designed automatically reaches its limit of
action. It should be taken into account that the experimental prototype, being a motor with low operating
speeds due to its electromechanical nature, the ideal proposal is to use a frequency of around 10 Hertz.
Based on the above and the values obtained with the digital encoder, it is proposed to use a digital filter
with a gain of 20 to 25 decibels or greater per decade and with a respective phase of 90 degrees advance
in the operating band and to use intelligent systems to reduce noise and insufficiency to detect the precise
actual frequencies, which is also known as the alias effect.

Therefore, it has been decided that the appropriate filter for this system is one that allows for
optimal frequency intervals. After analysing several cases, it was decided to use a bandpass filter and a
Butterworth filter for its operation, which, when operated with artificial intelligence tools, achieve an
optimal flat frequency. Performing this analysis will lead to the expected cut-off frequency being Ec. 9.
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2T feqS ©)
Hpa(s) = S + 2nf,

Where the system reports, when applying the filter, a high value in the cut-off frequency (fc) with
a phase of 90 degrees and a gain greater than 20 decibels per decade and a reduced frequency of ¥ *and
with a phase of 45 degrees ahead, this leads us to a maximum operating frequency of 11 Hertz. It is
important to mention that for better system performance, it is recommended that the cutoff frequency be
50 per cent higher, since the filter used calculates the derivative of the optimal signal with an estimated
value of 16 Hertz (Fig. 5 and Fig. 6).
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Figure 5

The figure shows the Bode diagrams without attenuating the signals a) using a Butterworth
filter b) the phase diagram. The blue line shows the cut-off frequency, which is 16 Hertz,
which will be optimal for calculating speed

Source: Own Elaboration
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The figure shows the Bode diagrams but attenuating the signals a) using a Butterworth
filter b) the phase diagram. The blue line shows the cut-off frequency, which is 16 Hertz,
which will be optimal for calculating speed

Source: Own Elaboration
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Using a first-order Butterworth filter described in Eg. 10, the upper cut-off frequencies of the
signals are damped, in which there is a phase shift of 0 degrees ranging from -46 to 90 degrees at its cut-
off frequency and with a gain of more than 20 decibels per decade, which we use to calculate the speed
Eq. 11.

y _ 2Wfegs
pa(s) = s tomf. (10)
B B 2 feqS
H(s) = Hpq(s)H.pp (5) = (11)

S22+ 4f.0s + (2nf,)?

Subsequently, to find the transfer function, the period is discretised, with an approximate
sampling rate Ts of 0.00134. ec. 12.

8.084(z — 1)

H(z) =
() = 73182, 7 08282

(12)

To perform the analysis, the Butterworth filter is shown in Fig. 7 and Fig. 8, the Bode plots in
discrete mathematics el11 and in continuous mathematics e 10. It is important to mention that the Nyquist
frequencies represented in them are extended, but better attenuation can be achieved using the same filter,
but of third order, since it has the characteristic of preserving the shapes for higher order systems ec. 13.

27TbeS
s2+202nfp)s 2 + 2(2nf.p)?s + (27fsg)3 (13)

Hpb(s) =

This filter has an attenuation slope of 60 dB/decade. Figure 9 shows the Bode plots, which indicate
a cut-off frequency of 65 Hertz.
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Figure 7
Bode plot a) shows the phase diagram b) shows the gain of the Butterworth filter
Source: Own Work
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This figure shows the Bode diagram of the gain (2) and cutoff (b) of a Butterworth filter

Source: own work
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In which the transfer function created by the Butterworth filter is the bandpass filter generated by
eq. 14 eq. 15. Eq.16) is represented by the transfer function.

N.(s)

H) = 55 (14)
Where:

N(s) = (2nfea) @mfep)’s (15)
and

D.(s) = s* + [2nfea 2rfep)]s® + 2(2nfea) 2rfep)s? + (21fea) 2fep)? (16)

Figure e10 also shows the attenuation of the signals reported by the filter with a sampling
frequency ts with a value of .00134 and greater than 500 Hertz ec 17.

0.3991 z 3 + 0.9003 z2 — 1.182 z. +0.3.14. (17)

H(z.) =
) 1.02 z* 4+ 3.02 z3 + 3.945 z2 — 2.192 z + 1.08455

It is important to mention that the cut-off frequencies are represented as fcb for low-pass filters
and faca for high-pass filters, as shown in Fig. E13, and that based on the attenuation value requested for
high frequencies, we have the option of choosing between filters ec. 10 and ec. 11 or ec. 13 or ec. 16

Network structure and programming

Based on the good results reported by the control graphs in the simulations, experimental tests were
carried out to design the network in Matlab software. For this purpose, a 24-volt motor with an amperage
range of 7 amps minimum to 8 amps maximum was used. This is connected to an optocoupler and, in
conjunction with a power amplifier device connected and controlled by a direct interface to a card known
as a data acquisition card, the analysis parameters in the motor were position and speed.
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An optical encoder was used for motor position feedback and a Butterworth filter for speed.
Subsequently, the control system was designed using three RNA. The function of the first will be to
manipulate the inverse control of the procedure. Equation 17 will be used to quantify it.

Error = S(y) — y(x) (18)

Where y(X) is the output result of the motor and S(x) is a reference signal, the second network
will subsequently be used as a motor identifier, which has a very important function, since through its
training we will detect the patterns and correlations that occur between hidden input data. To carry out
this process, the following equation will be used. 19.

In = y7 —y(x) (19)

Where motor response yn2(x) is the motor response and Y(X) is the motor output. To train the
third network, the output results of the second network will be used and these will be fed back into it,
together with the results found in the control error, to predict the viability of the behaviour of the data
that was processed.

Based on the above, the ANN was designed. The first two networks have a single input, one
output and four nodes in their internal design, while the third ANN has an internal configuration similar
to the previous one, but has three inputs. On the other hand, the data provided to the network has a
sampling period Ts of .00134 seconds, an a of 0.0051, and a I n of 0.0051.

To synchronise the system, we will use a reference signal, where the parameter that shows us the
saturation of the network is denoted by Sat. ec. 20.

r(k) = G,Sat(Gysen(2 %)) (20)

As a next step, experiments were carried out to control the system. The first was to monitor speed
behaviour, and the second experiment focused on performing the same procedure, but with the motor
position as a reference. 21.

r(k) = 1.5 Sat(3sen(2 %)) (21)

These showed the motor response, which, as can be seen, shows a significant reduction in position
control at the end compared to the beginning, all in accordance with how the RNA is trained. On the
other hand, the second network reports the error graph, which shows how the curve decreases in
accordance with the control achieved by the third network used in the motor. The reference for this
process is ec. 22 and ec. 23.

r(k) = 15 Sat(20sen(2 1”—0)) (22)

r(k) = 10 Sat(3sen(2 g) (23)

As can be validated, the three neural networks achieve optimisation of the motor's position and
speed through training. The first is trained to achieve an inverse state of the system, while the other
functions as a motor indicator, feeding back the necessary parameters so that the third network can report
the error generated by the motor control. Figs. 11 to 15.
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Figure 11
This figure shows how the engine works in real time

Source: Own Creation
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Figure 12
This figure shows a tracking error diagram for the neural network

Source: Own Work
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This figure shows a diagram of the neural network control signal.
Source: Own Creation
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Figure 14

This figure shows a comparison diagram between the expected reference and the

response provided by the motor.
Source: Own Elaboration
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This figure shows the tracking error of the neural network.
Source: Own Elaboration

The results obtained validate that the use of artificial neural networks as position and speed
controllers for a motor provides levels of reliability and efficiency in real-time location recognition and
fault detection in the motors themselves, as the control yielded better performance characteristics of the
motor attributes, such as a stop position at maximum speed to meet the needs of the process or machine
that drives all this, thanks to motor control with network application.

On the other hand, it has also been demonstrated that by using a recurrent dynamic RNA instead
of a static one, the motor responds optimally to its internal state and input signal. This shows that using
this type of network does not require many states, i.e. hidden nodes, allowing for faster adjustment of the
weight network than when using different RNA. This leads us to conclude that real-time applications for
monitoring dynamic systems in motors with prior training improve their performance.

Conclusions

This work demonstrated that the management of variables for continuous current motor control using
ANN:Ss is an inherent necessity in today's world. The methodology used to train the network in order to
control the neural network with recurrent networks was also presented.

It was also verified that the motor's performance, such as its position at maximum speed to meet
the needs of the process or the machine it drives, was optimal. This contributes to the objective of the
work and leads us to the hypothesis that replacing an RNA with conventional control systems in motor
operation for variable control works better.

Further research is recommended, taking into account new variables such as network overtraining
and new weight updates for more accurate validation of the system's operation.
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