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Abstract. The main objective of control theory is to obtain a desired behavior in
the controlled variables. There are several control techniques that have been
proposed with this goal, but the simpler controllers like the PID are more often
used in industry, due to their hand-tuning methods, even when they have several
limitations. Alternatively, Artificial Intelligence has become a support for control
theory in the designing of controllers without requiring a hard design stage, or
several stages for designing a control law. However, their structure and its
implementation are so complex that the PID remains being used in around 95%
of industrial applications. In this work is proposed a control design assistant
based on the automatic generation of controllers with transfer function
description that can be programmed in computers or other embedded devices,
this assistant uses a proposed multi-objective function that prioritizes candidate
solutions with overshoot suppression, robustness, low energy consumption and
maximum voltage level. We optimize the proposed multi-objective function with
a Genetic Algorithm and test its results using a first order, a second order, and a
motor position control system.

Keywords: Intelligent control, generated controller, genetic algorithms.

1 Introduction

The main objective in control theory is to produce a desired behavior in the controlled
variables, or system stabilization [1].

Since 1960s modern control theory has developed several techniques in all its
branches, including adaptive control, robust control, optimal control, variable structure
control, among others [2].

The kind of controller to implement depends on the controlled process, but several
techniques are suitable for any specific application, as shown in [3, 4]. The variability

pp. 39-51; rec. 2020-08-05; acc. 2020-10-01 39 Research in Computing Science 150(1), 2021



Martin Montes-Rivera, Jestis Rafael Tavarez-Delgado, et al.

of those techniques makes that one must think twice before using a more complex
alternative, because it could produce similar results with extra efforts.

Proportional-Integral-Derivative (PID) controllers are among the most popular
industry controllers, near to 95% of the industrial control applications use a PID
structure [2]. The PID popularity is related to its possibility of compensating several
practical processes and the simplicity of the methods designed for tuning its three
parameters [2, 5]. However, PID controllers have serious limitations that do not make
them the best choice in systems with uncertainties and disturbances, moreover, in
several cases, the wrong choosing of the PID gains can result in dangerous behaviors
and high energy consumption related to windup effect, derivative kick effect, excessive
overshoot and continuous oscillation, among others [2].

On the other hand, new control methods are published each year, and they show
better results than those obtained with PID controllers, but they require high knowledge
of mathematical modeling, linear algebra, system parametrization and several steps
depending on the control technique. In addition, they only guarantee good results under
specific situations, and require compensations in the presence of wear or
disturbances [1, 2].

Alternatively, control theory has found support on Artificial Intelligence (Al) for
designing several methodologies that achieve control without requiring a complex
mathematical model, or several stages for designing a control law, like those
described in [1, 5-7].

Al also has been applied in control theory using numerical optimization algorithms
for tuning the controllers with specific criteria depending on the application. Genetic
Algorithms (GAs) and Particle Swarm Optimization (PSO) are common numerical
optimizations algorithms used for tuning PID controllers, as shown in [8-10].

On the other hand, adaptive control with model uncertainties based on Al has
become a recent focus of attention using reinforced learning and Artificial Neural
Networks (ANNSs), as shown in [11-14].

Some of the most common criteria in control design are suppression of overshoot,
energy efficiency, and disturbance resistance, which are required in several applications
like in position controlling of a Direct Current (DC) motor, which is commonly required
in robotics. Some of this specifications in control designing are shown in [15-23].
Alternatively, this goals have been used separately with intelligent controllers using
different Al techniques, as shown in [7, 8, 11-14, 24-26].

Nowadays, Industry 4.0 is introducing new technological alternatives for improving
manufacturing with economic impact and societal progress. The industry 4.0 includes
the use of more intelligent robots, cooperative machines, self-decision systems,
autonomous solver problems, learning machines, 3D printing, augmented reality, big
data analysis, smart city implementations, Internet of Things (loT), intelligent self-
tuning controllers [27].

In this paper we propose a control design assistant where the designer can decide
which features prefer for the controller in a specific application by using the multi-
objective function gains to prioritize his preferences. Then the controller will be self-
generated based on a transfer function. The controller generation is performed off-line,
allowing to use the control-designing assistant in special devices with 10T, where input-
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output response is recorded and send it to a server, where the controller is generated
and returned to the device for being applied.

The transfer function schema is selected because this approach is the most popular
used in control theory and it has several definitions and techniques that allow to verify
behavior and stability of systems, either if it has single or multiple inputs and outputs.

Moreover, a continuous controller based on the transfer function description can be
transformed to a discrete transfer function that can be programmed in a computer, an
embedded system, a Field-Programmable Gate Array (FPGA) or a microcontroller.

The multi-objective function for this work was selected based on popular goals in
different control systems, and it includes overshoot suppression, robustness, low energy
consumption, and maximum voltage level.

2 Theoretical Framework: Genetic Algorithm

The Genetic Algorithms (GAs) belong to the family of evolutive algorithms inspired
by the selection principles proposed by Darwin. GAs have been used for numerical
optimization in several areas since were proposed in the 1950s. Their main operators
are population initializing, fitness value calculation, fitness-based selection, crossover,
and mutation [28].

The population generation is according to GA’s search space (X) using binary

string elements (X = B*) or genotypes b*e< B*/ required in the crossover and the
mutation operations; while phenotype x e X/ or numerical representation allows getting
fitness value calculation. The population (P) depends on the size of the population

(Sp) , the maximum reachable value (maXV) , the minimum reachable value (minv) ,
and the number of bits for resolution (1, )[28].

Fitness evaluation maps a numerical value with the objective function f(X) that
measures how well adapted is a chromosome in the population [28].

After fitness evaluation, there are different methods for mating pool (MP) selection,

but in this research, we use tournament selection. Because it still being considered a
good alternative against noisy data, and it controls the selection pressure with its

size (S;) [28].

Crossover mixes the parents genes with multiple random crossover points for the
offspring (O) generation, we choose this method because increases crossover
combinations, produces major diversity and evades evading early convergence [42].

After that, we apply mutation operation with the probability (PM) . The mutation is
type uniform.
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Fig. 1. Block diagram of a SISO feedback controller.

Finally, the population is sorted based on its fitness, and worst adapted elements are
deleted to maintain SP , for ecological stability [28]. Stop condition of GA in this work

is the number of generations (N ).

3 Methodology

The control design assistant proposed optimizes a controller for achieving the desired
response in a transfer function description, i.e. the user must determine it either using
control theory techniques or the input-output measurements and a computer algorithm.
After obtaining it, the dynamic equations of the system described below, evaluate
controllers in terms of error, overshoot, energy consumption, a maximum level of
voltage, and robustness.

The control diagram in Fig. 1 shows the control output YC(S) and the process

variable output Y(S) . After analyzing it, the equations (1, 2, 3) are obtained:

E(s) = X(s)-Y(s), @)
Y(s) =E(s)-C(s)-H(s), (2
Y,(s) = E(5)-C(s). 3)

Substituting Y(S) in (1) with (2) and solving for E(s) gives equation (4):

X(s)

E) T14C(5)-H@)

4)
Taking the E(s)in (3) and substituting with (4), gives YC (S) in equation (5), which
determines the output of the controller to any input:

C(s)

YC(S)Z X(S)my

®)

The E(s)in (2) is substituted with (4), giving the Y (S) in (6), which allows to
determine the system output to any input:
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Fig. 2. Block diagram of a SISO feedback controller with disturbances.

C(s)-H(s)
1+C(s)-H(s) ©)

A disturbance allows affecting the cost value of controllers that are not robust, as
shown in Fig. 2. After analyzing it the equations from (7-10) are obtained:

Y(s) = X(s)

Y(s)=[Y.(s)+D(s)]-H(s), (7)
Y.(s)=E(s)-C(s), (8)
E(s)=X(s)=Y(s), (©)

Y(s)=[E(5)-C(s)+D(s)]-H(s). (10)

Substituting (9) in (10) and simplifying equations gives (11), that represents the
output of the system for any input with disturbances:

Y (s) = X(s)~C(s)~H(s)+ D(s)-H(s)

1+C(s)-H(s) 1+C(s)-H(s)’

(1)

The equation (12) is obtained by substituting (8) with (9) and (11), which represents
the controller output for any input with disturbances:

X(s)-C(s) _D(s)-C(s)-H(s)

C(”:1+c@yH(g 1+C(s)-H (s)

' (12)

Having all previous equations, the dynamic behavior of the controlled systems in the
presence of specific inputs and disturbances is obtained, and the objective function is
given by the dot product of G and m (Y) as shown in equation (13):

f(X)=GIM (X). (13)

Where G is an array containing the gains to prioritize the desired characteristics in

the controller, X are the numerical coefficients generated by the GA, and m (Y) is the

multi-objective function array depending on X .
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M (Y):[hl(i) h,(X) hy(X) h4(Y)] is a four-dimensional array, because it
contains five functions used for testing energy consumption hl(i) , error suppression
with limitation for overshoot, negative responses and steady state error h, (X),
maximum voltage level h, (X), and robustness h, (X) . The dynamical characteristics
in these functions are tested with N samples for testing the outputs Y(S) , the inputs

X(S)and the controller outputs YC(S), with and without disturbances D(S), as
described in equations (14-18):

RSO 44

h, (X) :%Z|Y(s)—X(s)|+P, (15)

where P =a(p1+ p, + ps)is a limitation for the overshoot, negative response and
steady state error, respectively, for the step input, as shown in equation (16):

p, = [max (M) > Xl(s)] -max ([Y,(s)|)
p, =[min(Y,(s)) < 0]-|min(Y,(s))| : (16)
p; = alYn (S) - Xn (S)l

Having X, () and Y, (s)as the inputs and outputs in the step response, we have also

X, (s)and Y, (5) as the final inputs and outputs of the step response after N samples:

hy (X) = max ([Y, (s)])-[ 1+ (max (Y. () >V ) ] 17)

where . (max(|YC (s))) >v) is a limitation for responses with values of control greater

that the maximum allowed voltage (V):
1
h4(X):HZ|X1(S)_YD(S)|- (18)

YD(S) as Y(S) is obtained in the presence of D(s) disturbances, as shown in
equation (11).
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Table 1. Training parameters used for GA.

Algorithm Input Parameters
GA S.:300, S, : 300, N :3000, P,, :0.15, N, =14, resol =0.001

Table 2. Description and transfer function of the testing systems.

1t Order 2" Order
Y(s) 1 Y(s) 1
X(s) s+1 X(s) s*+s+1
Motor Position
Y(s) 2.3693244195e-5

X(s) 1.162653e-9s° +1.359159e-652 +0.000396875

Table 3. GA generated controllers with the proposed multi-objective function.

st 8.79612 53283116 52 41 42817 54.7.19316 nd 7.921135319.17116 52 114117 54721010
1order 5 g 172 el eci2 2 OTdET e 5 2
7.76810 311 16117 s211.39917 58.796 1.49118 534562110 5211 26177 5+8.8107

. 8.8101253 11,1311 2+ 7.15110 5 7.66116
Motor position control = ° 2% 8 TEE SIO
8.97116 531126117 sZ +1.35117 s 15.411

4 Results
4.1  Design of Experiment

We use Matlab™ for training process and simulation with the GA programmed
according to section 2. The computer used was a Windows 10 desktop with processor
Intel(R) Core™ i7-6700 CPU 3.40GHz, 16.0 GB RAM.

The control-designing assistant in this research it was tested in a first order, a second-
order, and a position control DC motor system.

The GA optimized eight coefficients, four for the numerator and four for the
denominator of the transfer function, allowing to obtain up a third-order transfer
function. The number of iterations was set depending on the processing time, the GA
used 3000 iterations with a total processing time of 12.5 minutes.

The optimizing algorithm has several numerical parameters, they were determined
using cross-validation 80% training and 20% for testing rapid convergence and good
results. The determined parameters are shown in Table 1.

The algorithm ran three times, one for each transfer function in the testing systems
described in Table 2.

Four different inputs were used for measuring the quality of each controller, these
inputs include step response, ramp response, variable response, and step response with
disturbances. The maximum voltage accepted was 5 volts, similarly as if the motor
operates with TTL conditions.
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4.2  Results of the Generated Controllers

This section shows the generated controllers (Table 3) and the control response in each
test. The fist-order and second order responses show: 0 steady-state error, reference
following, no overshoot, they maintain controller output below the 5V limit, robustness
and show low energy consumption decreasing the controllers’ outputs when the
reference is reached. Like it is show from Fig. 3 to Fig. 10.

Second Order Plant: Variable Response Second Order Plant: Step Response with Disturbances
2 —¥y

s
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.C 50 100 150 200 250 300 ‘ o 50 100 150 200 250 300
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Valtage [V}

Fig. 9. GA controller with variable inputina  Fig. 10. GA controller with step response and
second-order system. disturbances in a second-order system.
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Fig. 11. GA controller with step response in  Fig. 12. GA controller with ramp response in
a motor positioning system. a motor positioning system.

The motor response also gets a steady-state error equal to 0, achieving the secondary
goals: without overshoot, voltage under the desired maximum, lower energy
consumption and robustness. Like shown from jError! No se encuentra el origen de
la referencia. to Fig. 14.

The reached cost values for each solution obtained according to equation (13) are
0.4922 for the first-order system, 0.4612 for the second order system, and 0.6653 for
the motor position controller.
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' 4 —viy
4 ! - Xis

IS

woltage (v)
o

voltage (V)

o

50 100 150 200 250 300 o 50 100 150 200 250
Samples Samples
Positien DG Motor Plant: Energy Gonsumption

o
w
54

. Position DC Motor Plant: Energy Consumption with Disturbances
5 : "

i

—Ties

5

Voltage (V)

ol

5

1.

Veltage (V)
Goh oo w

. ' 1 ' '
50 100 150 200 250 300 [ 50 100 150 200 250 300

Samples Samples

o

Fig. 13. GA controller with variable input in  Fig. 14. GA controller with step response and
a motor positioning system. disturbances in a motor positioning system.

Fig. 15. 3D simulation of motor with VRML and Simulink 3D animation.

DC motor is simulated using Simulink 3D animation, based on the real motor that
will be used for this application like is shown in Fig. 15.

5 Conclusions

In this work presented a control design assistant based on a transfer function that is
automatically generated for satisfying a proposed multi-objective cost function. This
cost function identifies the quality of the candidate solutions according to desired
characteristics, which include reducing the steady-state error, use of energy, overshoot,
maintenance of control voltage under the maximum accepted value, and robustness.

The multi-objective function was tested using four different control processes: a
position control for a DC motor, a first order, and a second-order systems. The inputs
applied to test them were step, ramp, variable and variable with disturbances.

We optimized the multi-objective function with Genetic Algorithms obtaining a cost
value of 8.9253 and an average processing time of 0.25 seconds per iteration or 12.5
minutes. The GA controllers show steady-state error equal to 0, they maintain a 5V
desired maximum voltage, they remain without overshoot, with low energy
consumption and robustness.
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The control design assistant proposed can generate controllers for different processes
satisfying the specific control characteristics, like it is shown this work.

5.1  Future Work

In this work, the control design assistant has been tested under simulation, and the
controllers were applied in the computer used for optimizing the control structure.

The next stage of research will include the device development for acquiring the
input-output signals and sending them to server for generating the controller with a GA,
and then send back the controller to the device for being applied.
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