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Control of Direct Current Motor by
Using Artificial Neural Networks in
Internal Model Control Scheme

In this research, control of the Direct Current motor is accomplished using
a neuro controller in the Internal Model Control scheme. Two Feed
Forward Neural Networks are trained using historical input-output data.
The first neural network is trained to identify the object's dynamic
behavior, and that model is used as an internal model in the control
scheme. The second neural network is trained to obtain an inverse model
of the object, which is applied as a neuro controller. Experiment is
conducted on the real direct current motor in laboratory conditions.
Obtained results are compared to those achieved by implementing the
Direct Inverse Control method with the same neuro controller. It was
demonstrated that the proposed control method is simple to implement and
the system robustness is achieved, which is a great benefit, aside from the
fact that no mathematical model of the system is necessary to synthesize
the controller of the real object.
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1. INTRODUCTION

A direct current (DC) motor represents a power actuator
that converts electrical into mechanical energy [1]. It is
often utilized in various industries where wide speed
ranges are required, such as for robotic manipulators,
overhead cranes, guided vehicles, cutting tools, electri—
cal traction, etc. The fundamental reason for this is that
DC motors are highly adaptable when it comes to speed
control, and they have excellent characteristics such as
high starting, accelerating, and retard torque, high
response performance, etc. [2].

Numerous techniques are available for controlling a
DC motor's angular velocity. Undoubtedly, using clas—
sical PID-like controllers is one of the most common
techniques due to their simplicity, ease of installation,
and cost-effectiveness. Adjustment of parameters for
PID-like controllers can rely on classical methods such
as Ziegler-Nichols and Chien-Hrones-Reswick [3], but
other methods can also be used [4]. For dealing with the
same task, the adaptive PID controller demonstrated its
superiority over the conventional PID controller, which
is proved in [5].

After Lotfi A. Zadeh introduced fuzzy logic con—
cepts [6], control theory underwent a significant change.
Fundamentally, fuzzy logic enables the processing of
multiple potential truth values through a single variable
represented with linguistic value. Fuzzy logic
controllers (FLC) can be used to control the speed of
DC motors. For example, it was demonstrated in [7] that
FLC represents a better option than traditional PID
controllers. A comparison between PID, FLC, and fuzzy
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PID controllers revealed that fuzzy PID guarantees
superior performance to the other two controllers [8].
An even better solution can be produced by applying an
adaptive fuzzy PID controller [9]. A different approach
for implementing fuzzy logic speed controllers is
offered in [10], where the authors developed fuzzy logic
microcontroller and suggested using it since it is easy to
implement and requires a few inexpensive components.

The development of artificial intelligence paved the
way for the advancement of engineering in general. It
has found purpose in a variety of fields, such as for
heating energy consumption prediction [11], predicting
kinematic errors solution in the five-axis machine [12],
modeling of machining parameters [13], optimization of
traditional Montenegrin chair [14], etc. An example of
the use of the artificial neural network (ANN) in the
domain of speed control can be found in [15], where
ANN:S are trained to estimate speed and control the DC
motor. It was shown that by using ANN, calculating the
motor parameters can be avoided in modeling the
system, and ANN can replace the speed sensors in the
control system models. Additionally, the neuro cont—
roller achieved a remarkable advantage compared to the
conventional one. Compared with FLC, where both
controllers performed well, the ANN controller reacted
faster on the speed adjusting, and the settling time was
lower [16]. Adaptive neural speed controller can be
applied as well [17].

The technique combining fuzzy logic and ANNs
implies using an adaptive neuro-fuzzy inference system
(ANFIS) for object control. In control system metrics,
including overshoot, undershoot, steady state error, rise,
settling, and recovery time, the ANFIS controller out—
performs conventional PI, fuzzy-tuned PID, and Fuzzy
Variable Structure controller [18].

Recently, the usage of metaheuristic optimization
algorithms in finding optimal controller parameters has
been growing. Metaheuristic algorithm can be defined
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as a form of stochastic optimization that is not depen—
dent on the surface gradient for optimization [19].
Inspiration for developing a new algorithm can usually
be found in nature, evolution, society, etc. In [20],
Archimedes Optimization Algorithm (AOA), Dispersive
Flies Optimization (DFO), and Particle Swarm Optimi—
zation (PSO) algorithms served for tuning optimal gain
parameters of conventional PID controllers. It was
shown that AOA-PID and DFO-PID are more conve—
nient for speed control of DC motors than PSO-PID and
PID tuned via the Ziegler-Nichols method. Fuzzy
controllers can be optimized likewise. Fuzzy PD and
PID controllers were optimized via PSO, Cuckoo, and
Bat algorithms [21], and the controller optimized with
the bat search algorithm achieved the best performance.
The advantages of PSO and the Gravitational Search
Algorithm were combined to develop the fuzzy PI
controller parameters for the DC motor [22].

Internal Model Control (IMC) is a control tech—
nique often used to control industrial processes, and it
can be applied to both linear and nonlinear systems. The
reason for common usage is founded in the fact that
compensation for the effect of disturbances on the
system can be achieved using a simple control scheme
containing a controller and an internal model that simu—
lates the controlled object's behavior. In theory, by using
the IMC scheme, perfect control is possible. IMC stra—
tegy can be implemented to tune the parameters of the
PID controller to control brushless DC motors, like in
[23].

Model-based fuzzy controller with a fuzzy dynamic
model in the IMC scheme demonstrated good robust
performance in controlling flow rate [24]. Also, it was
shown that this control method could be used with
ANN:S to control the class of nonlinear systems [25].

In this research, the ANN approach is used in the
Internal Model Control scheme to control the DC
motor's angular velocity. The first ANN is trained for
the identification of the object, and it is used as an
internal model, while the second ANN is trained to
represent an inverse model of the system, which is later
utilized as the controller. Obtained results are compared
to results obtained using Direct Inverse Control (DIC)
strategy with an ANN controller.

2. SYSTEM DESCRIPTION

The real-life system, Quanser SRV02 Rotary Servo
Base Unit [26], is used in this study.

The Servo plant includes DC motor placed in a solid
aluminum frame with a planetary gearbox. The motor
also has an internal gearbox that drives external gears.
There are two available external loads: a disk and a bar.
Their purpose is to vary the moment of inertia [26]. In
this work, the disk load is attached to the load gear of
the object. This object is shown in Figure 1.

The well-known equation that describes the dyna—
mic behavior of the used DC motor and whose sche—
matic model is represented in figure 2 is [27]:

dey (1)
“dr
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In (1) w, denotes the angular velocity of the load
shaft, and ¥, is motor voltage; the rest of the parameters
can be calculated using the following equations.

Jog =NgKadm +J), )
2 2
DK 2k +(77gKgBm +B, )Rm
Beq,v = I , (3
m
ﬂgKgnmkt
=T @)
Rm

In equations (2), (3), and (4), symbols #,, Kq, J, Jis
Nms ks ks By By, and R, represent gearbox efficiency,
the gear ratio of the motor’s gear train, motor shaft
moment of inertia, moment of inertia of the load, the
motor efficiency, current-torque constant, back
electromotive motor constant, viscous friction acting on
the motor shaft, viscous friction acting on the load shaft
and motor resistance, respectively.

Figure 1. Quanser SRV02 system with external gears [26]

Finally, by choosing output variable y = @, and input
variable u = V,, linear model of the system is:

Jeqj/(t)+Beq,vy(t):Amu(t). %)

The linear model does not describe the dynamical
behavior of the object completely well because it needs
to pay attention to the major nonlinear effect, such as
the speed dependant friction, dead zone, and backlash.
The nonlinear mathematical model of the system, which
takes friction into account, is of the form [28]:

Jy(t)+ By (t)+T (¥(1)) = Apu(t) . (6)
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Figure 2. Schematic representation of DC motor [27]

The total moment of inertia reflecting the output
shaft is labeled as J, while B is the equivalent damping
term where the linear viscous friction has already been
comprehended. Addition, that represents the nonlinear
part of the friction torque, 7}, is [28]:

,L]
TS,(y):0.0174sgn(y)+0.0087e[ 0064 sen (»). (7)

However, the mathematical model of the object is
not used in this research to obtain results. It is served
only as foreknowledge about the object to determine the
object's difference equation, which is used for setting
inputs and output of ANNs, which will be explained in
the continuation of the paper.

3. ANN INTERNAL MODEL CONTROL STRATEGY

The prime characteristic of the IMC strategy is that it
should achieve system robustness. A well-known sch—
eme that illustrates the IMC strategy is shown in Figure 3.

% Controller u Object y

A

v

Object Yar
Model )

Figure 3. General Internal Model Control diagram

There are three main properties of IMC strategy [25]:
Property 1 — Stability: Suppose that the model of the
object is perfect. The closed-loop system is also stable if
the object and the controller are input-output stable.
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Property 2 — Perfect control: Suppose that the controller
and inverse model are equal and that the closed-loop
system is stable. In that case, control of the system will
be perfect.
Property 3 — Zero offset: Suppose that the closed loop
system is stable and the steady state controller gain equ—
als the inverse of the model gain. Then the offset-free
control is reached for asymptotically constant signals.

A deeper analysis of the IMC approach can be found
in [29].

IMC strategy with ANNs implies that trained ANNs
are used as controllers and object models in the control
scheme. There are two steps in implementing this method
— identification of the object and iden—tification of the
inverse model. Object identification involves training the
ANN to predict output from the real object so that it can
be used as an object model in the scheme, while
identification of the inverse model serves to learn ANN to
predict object input and be treated as an inverse
controller. The paper further discusses the application of
this control method to the specific DC motor case.

3.1 Feedforward ANN model

Feedforward neural network (FFNN) is a simple ANN
with a well-known architecture composed of neurons
arranged in input, hidden, and output layers. It is often
used to control different objects and processes, function
approximation, prediction, classification, etc. Classical
learning process of FFNN is based on the back-
propagation algorithm. For example, deeper information
about FFNN can be found in [30].

In this research, two FFNNs were trained to satisfy
the IMC scheme. Both models have only one hidden
layer with a difference in the number of neurons. Model
of the object has 6 neurons, and the inverse model has 7
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neurons in the hidden layer. Training was offline with
historical input-output data. Levenberg-Marquardt algo—
rithm, which promises fast convergence, is used in mo—
del training. Mean Squared Error (MSE) is defined as
the objective function. Learning rate is set to 0.001.
Mentioned parameters are kept the same in both of the
training processes.

3.2 Object identification

Object identification is conducted via a model where the
output from the object is predicted based on input and
output from the previous moment.

DC motor that is considered in this research belongs to
single-input-single systems. According to equation (6) it
can be represented via the following difference equation:

y(k)= £ [ (R)u(k)]. ®

Based on (8), neural network output can be desc—
ribed as:

Y (k+1)= Ny [y (k),u(k)], ©)

where N; represents a trained neural network for object
identification. Structural diagram that describes the
training process of the feedforward model for this
particular object is given in figure 4.

uck) » Object ylktl) >
('] e(k+1)
yk)
o ANN-N D

"4

Figure 4. Identification of considered object using ANN
4. |IDENTIFICATION OF INVERSE OBJECT

Obtaining an inverse model means that ANN should be
trained to predict the input of an object, i.e., control
signal based on previous output and input signals.

In our case, ANN marked with N,, is trained to give
output u,, based on the following expression:

U, (k) =N, [y(k),y(k+1)].

A structural diagram of training ANN to represent
an inverse model of the user object is shown in figure 5.
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Figure 5. Obtaining an inverse model of the DC motor

5. IMPLEMENTATION OF IMC SCHEME ON DC
MOTOR

Finally, after training FFNN models, the IMC strategy is
adapted to suit the object used in this research. Detailed
structural diagram of the proposed IMC method, which
shows appropriate input signals in the identified object
model, neuro controller, and the real object, DC motor,
is shown in Figure 6.

6. DIRECT INVERSE CONTROL METHOD

The DIC method implies using an inverse model as a
neuro controller. It is a simple method where the inputs
in the controller are desired output values and outputs
from the object.

In our research, the DIC method is compared with
IMC to investigate the performance of the proposed
IMC method. The Neuro controller used in DIC is the
same as in the IMC scheme. Figure 7 shows a detailed
structural diagram of DIC adapted to the specific case of
DC motor control.

rcD o~ e(et]) "
’Q_ " ANN-N, Oyl Object )
¢ (k+1) B
—> Vulk+1)
y.(k) | ANN-N,
—> —

Figure 6. Structural diagram of adapted IMC scheme

112=VOL. 51, No 1, 2023

FME Transactions



r(k+1)
" ANN-N,

ulk)

Object

y(k+1)

Figure 7. Structural diagram of adapted DIC scheme

7. EXPERIMENTAL RESULTS AND DISCUSSION

This section is split into two parts. The first is presented
results after training FFNNs used in IMC strategy. The
second subsection refers to the presentation and com—
parison of the results obtained by implementing two
different control strategies.

7.1 Obtaining identified and inverse object model

The dataset used for FFNNs training is a collection of
previous readings of the object's input and output signal
values obtained in laboratory conditions. Input in the ob—
ject is a random signal whose values go between -10V
and 10 V and change every 0.5 s. Time duration for obta—
ining the dataset is 200 s with fixed step time 7= 0.002 s.
The diagram that shows obtained output from a
noncontrolled DC motor and output predicted via FFNN
is given in figure 8, and a high coincidence of these two
signals can be noticed. The best value of the MSE in
validation during the training process is 0.0096123.

15

Real output
Predicted output

w[rad/s]

-5

-15 L L L
0 50 100 150 200

t[s]
Figure 8. Training results of the identified object model

Figure 9 is a given graph, after training the inverse
model, that shows input in the object (which is the
output of the inverse model) and predicted input via
FFNN based on the value of the output signal from the
object. The best MSE value is 0.28553.

Real input
Predicted input ‘

v
T

u[v]

-5 ‘

—10 }

0 50 100 150 200

Figure 9. Results after training the inverse object model
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7.2 Comparison of the obtained results by using
IMC and DIC strategies

There are three following cases of comparison between
DIC and IMC methods whose results are shown in the
continuation of the paper.
Case 1: In the first case, the desired output is a step
signal with a value of 5 rad/s.
Case 2: In the second case, models are tested when
disturbance acts on the object. The disturbance arises at
0.5 s and lasts till 1 s. Desired output is the same as in
the first case.
Case 3: The third case of comparison is an examination
of how our models behave when the desired output is a
sinusoidal signal with an amplitude 5 rad/s and a
frequency of 0.04 rad/s.

Integral Square Error (ISE) is used as a performance
index, and this criterion can be described via the
following expression:

ISE = [ & (t) dt (11)
0

A moving-average filter reduces noise in all res—
ponse and control signals. It can be described with the
difference equation (12) where the length of average, N,
is set to 5, y/n] is the current output, x/n/ is the current
input, x/n-1] is the previous input, etc.

N-1

y[n]z Zx[n—i] (12)

i=0

6

Desired
——DIC
—— IMC

0 0.05 0.1 0.15 0.2

t[s]
Figure 10. System response to the step input signal

8

——DIC
2k —IMC

L L L
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Figure 11. Control signal to step input
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Figure 10 shows the system response in the first
testing case. Both of the used models work similarly,
and the desired velocity value is achieved quickly.
Control signal for this case is given in figure 11.

6

MN\/MMWWMW
5 r‘— P
N Desired
# ——DIC

—— IMC

w [rad/s]

)

t[s]

Figure 12. System response to the step input signal with
disturbance

The system response to step signal with disturbance
for both controlling methods is given in figure 12. It is
clear that the IMC method ensures that the neuro cont-
roller reacts in a way that balances the impact of the
disturbance, while the controller in DIC cannot handle
the disturbance. Suitable control signal for this case can
be seen in figure 13.

8

——DIC
. —IMC

Figure 13. Control signal to step input with disturbance

Finally, output signals for sinusoidal desired velocity
are given in figure 14.

6

Desired
——DIC
—— IMC

w [rad/s]

[

Figure 14. System response to the sinusoidal input signal
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Figure 15 shows the control signal in the third com—
parison case.

ISE values for all three comparison cases are given
in table 1. It can be noticed that values are approximate
when the object is not affected by a disturbance. When
disturbance appears, the ISE value is significantly lower
when IMC is used. However, ISE is slightly lower in
those cases when applied in the DIC method.

4 T T

——DIC
—IMC

U V]

)

Figure 15. Control signal to a sinusoidal input

Table 1. ISE value

ISE Case 1 Case 2 Case 3
DIC 0.1361 0.2505 0.0716
IMC 0.1463 0.1539 0.0767

8. CONCLUSION

This study proposes an artificial intelligence approach
to automatic control. The IMC strategy is adapted for
controlling the real DC motor using two FFNNs. In
addition, DIC is implemented for the same purpose, and
the same ANN model is used as a neuro controller.
There are several inferences from this research.

The fact that mathematical equations that describe
the object's dynamic behavior are not required for
controller synthesis is a significant benefit provided by
the usage of ANN for control.

Both methods are easy to implement, but it is crucial
to obtain identified and inverse models that are good
representations of the real system. For this purpose, it is
necessary to train a few ANN with variations in learning
parameters, which can refer to a number of neurons,
hidden layers, learning rate, etc. Sometimes using diffe—
rent ANN models brings better solutions. In this resea—
rch, FFNNs were acceptable for dealing with the set task.

When it comes to the comparison of DIC and IMC
strategies, it is obvious that in the cases when the object
is not affected by disturbance, both of them give similar
results. Although ISE criteria stand out for DIC, the
difference in ISE values is diminutive. A huge diffe—
rence between these methods occurs when disturbance
affects DC motors. Then, the controller in the DIC
strategy cannot compensate for the effect of the distur—
bance, while the controller in the IMC scheme success—
fully deals with the disturbance. In that case, the diffe—
rence in ISE values is noticeably greater.
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YHPAB/BAIBE MOTOPA JEJHOCMEPHE
CTPYJE KOPUIIREIBLEM BEHITAYKHUX
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HEYPOHCKHUX MPEXKA Y YIIPAB/JbAYKOJ
IEMHW CA YHYTPAIIIBUM MOJAEJIOM

H.b. Ilepuuuh, P.2K. JoBanoBuh

Y O0BOM WHCTpaXKMBamy j€ OCTBapEHO YIPaBJbame
MOTOPOM jEeOHOCMEpHE CTpyje KOopHImThemeM Heypo-
-KOHTpOJIepa Yy YIPaBJbayKoj MIEMH ca YHYTpPAIIbUM
MozeinoM. J[Be HeypoHCKe Mpexe 0e3 IMOBPAaTHUX Be3a
cy oOydeHe Ha OCHOBY NPHKYIUBEHUX YJIa3HO-H3JIa3HHUX
nopataka. IlpBa HeypoHcka Mpexa je oOydeHa 3a
UeHTU(HUKALU]y IMHAMAYKOT MTOHAIamba 00jeKTa U Taj
Mozen je KkopuirheH Kao yHYTpallkbd MO y IIeMH
yhpaBbama. Jlpyra HeypoHCKa Mpexa je oOydyeHa y
Wby nOOMjamba MHBEP3HOT Mojena o0jeKTa, KOjH je
NPUMEIEH Kao HEypo-KOHTpoJiep. EkcrepuMeHT je
CIIPOBEJICH HA PEATHOM CHUCTEMy — MOTOpPY jeIHO—
CMepHe cTpyje y nabopaTopujckuM ycioBuma. J{oon—
jEHU pe3yiTaTH cy ymopeheHun ca pe3ynraTiMa ITOCTUT—
HYTHM HMIUIEMEHTAIMjOM METOJe IUPESKTHOT HWHBEp—
3HOT yIIpaBJbarba ca UCTHM HEYpo-KOHTposiepoM. [Toka—
3aJI0 ce Ja je MPEeIUIOKeHN METO]| YIpaBibamba jeJHOC—
TaBaH 3a UMIUIEMEHTAIIM]y U Jia je MOCTHUTHYyTa poOyc—
HOCT CHCTEMa, IITO MOpe]] YHHCHHUIIE a HHje MoTpedaH
MaTeMaTHYKKA MOJISN Jia OU Ce MPOjeKTOBA0 KOHTPOJIEP
3a ynpaBJbame CTBAPHUM O0jEKTOM, MpEACTaBJba Be—
JIMKY TIPEHOCT.
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