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Abstract This paper introduces an innovative approach for adjusting the coeffi-
cients of a Proportional-Integral-Derivative (PID) controller within a second-order
control system. Although PID controllers are extensively utilized in engineering
and industrial settings, conventional tuning techniques frequently face challenges in
attaining the optimal balance between stability, rapid response, and error reduction.
To address these challenges, a genetic algorithm (GA) was utilized to enhance the
proportional, integral, and derivative gains by minimizing the total output error of
the system. The system was represented in state space form and examined using
the fourth-order Runge-Kutta numerical method, which guarantees precise dynamic
assessment. Throughout the optimization phase, the state variable matrices were
modified to keep the Mean Absolute Error (MAE) below 1%. The refined controller
underwent testing with a unit step input, and the system’s performance was evaluated
based on settling time, steady state error, and transient response. Simulation findings
show that the PID controller optimized by GA markedly improves system perfor-
mance in comparison to traditional tuning methods. The suggested approach results
in decreased settling time, minimized error, and enhanced stability, showcasing its
strength and flexibility for second-order systems. These findings validate that evolu-
tionary algorithms present an effective and dependable strategy for sophisticated PID
tuning, delivering superior control performance for real-world applications.
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26.1 Introduction

The PID controller is mostly used controller for controlling various systems in
industry purposes, because optimal selection of controller parameters makes the
system to operate more accurately by achieving the desired output response. Hence,
tuning of these parameter values has become a very important research area, to
achieve more simplicity on system desired response. Now manual control and tuning
of these parameters may not provide desired output response; therefore, various
optimization techniques have been implemented to get optimized value.

The offline method of tuning of PID controller like Zieglar-Nicolas method [1]
is the first heuristic method, but its main disadvantage is that sometimes it fails to
achieve optimal values of PID controller coefficients. Therefore, Artificial Neural
Network (ANN) is utilizing for optimizing these values with a great advantages.
The Particle Swarm Optimization (PSO) is a optimization tool by searching for
best solution by reducing or maximizing the cost function; hence, this method was
implemented [2] on PID controller to achieve perfectly tuned parameters by reducing
overall output error of the system. Also, Fuzzy supervised learning, in addition to
Ant Colony Optimization (ACO) [3] has provided robustness to the system responses
by reducing the overall output error of the system.

The Genetic algorithm (GA) [4] is an optimization technique based on genetic
evaluation process that can locate optimal position of controlling parameter
depending upon a fitness function. Now, implementation of genetic algorithm on
PID controller [5-8] has provided great result by tuning the optimized value of
PID controller coefficients. Also, controller values with fraction order [9—12] have
provided better result compared to integer-order values of controller coefficient,
based on GA. With the advancement of optimization techniques, Neuro-GA-based
adaptive PID controller has also been proposed to achieve optimized value in different
conditions of same system [13].

Now, while dealing with any control system, solving of its state space equation
becomes a vital task to find out optimal operating condition. Now, solution of this
nonlinear state space equation becomes quite difficult job while dealing with its
optimal solution. Runge-Kutta method [14] is a iterative approach to find out the
solution of a nonlinear equation using a set of linear equation, and by computing
the result step by step [15] iterative sequence of equation, the actual solution of that
nonlinear equation can be achieved within a specified tolerance value [16, 17].

Therefore in this work, the solution of first order nonlinear differential equation
of a control system was computed using fourth order Runge-Kutta method and in
addition to it GA was implemented to search for optimal value of PID controller
coefficient. At first, a control system was designed with arbitrary state space matrixes.
Then this system was realized using fourth order Runge-Kutta method with a PID
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controller. Finally, genetic algorithm was implemented on this system to tune the

PID controller coefficient to achieve optimized vales to limit overall output error
within 1%.

26.2 Methodology

26.2.1 State Variable Representation of Control System

A PID controller is a widely used controller that provides a controlled and desired
output for industrial purpose. The PID stands for proportional-derivative-integral
controller and the equation and corresponding transfer function of it is shown below,

Y() = kye(®) + ]}_ Jo et + kg Ty %2,

Y(s) __ _ ki
EG) — C(S) = kp + 5 ‘l‘S.kd,

(26.1)

where k,, kg, k; are the P, I, D gain values, respectively, T4, T; derivative time and
integral reset time, respectively, m(t), e(t) and C(s) are output, error of controller in
time domain and transfer function in frequency domain, respectively. Now manual
control of these three coefficient is very difficult because uncontrolled values of
these parameters can causes undesirable response to the system depending upon
the system characteristics, e.g., high value of P-controller makes the system output
faltering, excess I-controller creates high overshoot, and system becomes oscillatory
with high derivative action. Therefore, optimized value of these three coefficients is
very necessary to achieve minimum error. In this work, therefore, genetic algorithm
is proposed using Runge-Kutta method to optimize these values.

26.2.2 Runge-Kutta Method

The Runge-Kutta method is generally used to solve any first order ordinary differen-
tial equation. The first order control system can be represented as its state space model
and from that state equation the using arbitrary values of state variable matrixes, the
output values of that equation was derived by Runge-Kutta method. This method can
approximate the value of “p” for a given value of “q” for any first order ordinary
differential equation as shown below,

d
% _ .o, 262
p

Now, the fourth order Runge-Kutta method can be expressed as,
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Fig. 26.1 2-input-2-output control system

K1 = hf (P> qn)»
K, = hf(pn + E,Qn + &)
2 2
K; = hf(pn+ ﬁ,qn + &)
2 2
K4 = hf (pn + h, g, + K3),
Gnt1 = [qn + K1/6 + K2/3 + K3/3 + K3 /6], (26.3)

which provides the value of g, | with the help of ¢, and p,, {where n =0, 1, 2, 3,
.. (Xxp 41 — x,)/h}, with step input size h and py is the initial value of p.

Let us consider a 2-input-2-output linear time invariant control system with 2 state
variables as shown in Fig. 26.1, so the general equation can be represented by state
variables as,

i = fi(r1, ra, uy, uz) (26.4)
i = fo(ry, ra, up, up)

Now as it is a time invariant system, the term 7 in Eq. 26.4 is a linear combination
of the inputs and state variables. Thus.

i1 = ayri(t) + apry(t) + briui (t) + biaua (1),

, (26.5)
iy = anri(t) + axnry(t) + bayui (t) + bous ().

And this equations can be expressed as a matrix form as shown below,
s ap a r b1 b u
['1}:[ 11 12}X[1}+[ 11 12]X[ 1]’ (26.6)
) ax| ax ) by1 by Uy
where a;; and b;; are constant and the vector matrix can be written as,

R=AR+BU (26.7)

Similarly, the output matrix can be constructed in the same manner and be
represented as.

$ =CS +DU (26.8)
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Fig. 26.2 Various types of system response, with input signal (a), stable output (b), unstable output
(©

The equation is called “state equation” and “output equation,” respectively.

Now for a control system, the values of A, B, C, and D are fixed and the system
stability is dependent upon the output response with respect to input. In Fig. 26.2a
with a step response, if the output is bounded within the same input as shown in
Fig. 26.2b. On the other hand, an unstable output is shown in Fig. 26.2c.

Now in Fig. 26.2a, the output response 1, 2 is damped oscillatory in nature. The
main drawback of this response is that the system takes a finite time to achieve its
final stable condition after provision of input signal. Also, there present a overshoot
(response 1) which sometimes causes malfunction of the whole system. Therefore,
PID controller is used to reduce the oscillation so that system can acquire the final
stable condition as early as possible with less maximum overshoot. Now manual
provision of PID controller coefficient is quiet difficult; therefore, in this work for
an arbitrary system with specific system matrixes, a PID controller is so designed to
reduce the output error using genetic algorithm.

26.2.3 Genetic Algorithm Procedure

The genetic algorithm is an adaptive optimization technique to find out the best
solution among a set of chromosome. This algorithm mainly possesses three rules.
These are,

Selection: to select individual chromosome called parents that contributes to
population set for the next generation.

Crossover: combines two parent chromosomes and exchanges their characteristics
with each other.

Mutation: the parent chromosome change its characteristics randomly.



374 S. Banerjee et al.

The whole process was implemented in MATLAB [18-20] simulation software,
and the ranges of PID controller coefficients were chosen arbitrarily. Now, the
parameters of GA were selected as followed,

Population of Gene: 20.

Number of generation: 30.

Rate of cross over: 0.5.

Crossover type: single point crossover.
Rate of mutation: 0.05

Mutation type: single point mutation.
Reproduction method: Roulette Wheel.

26.2.4 Implementation of Runge-Kutta Method in a Control
System

Choice of System: A stable system has a bounded output for a bounded input. In
Fig. 26.2 for an step input signal when the output is bounded, it is stable system
Fig. 26.2a, with output signal 1, 2, but the system is unstable, when it is unbounded,
for signal type, 3,4, in Fig. 26.2c. Now, in Fig. 26.2a, the output is underdamped
(response 2) and overdamped (response 1) type. The main aim of this work is to
reduce peak overshot as well as the settling time by decreasing the overall error
(deflection from the desired output).

Now, a system can be realized using Runge-Kutta method as follows:

## System realization process

A = (3x3 matrix), arbitrarily chosen
B = (1 x3 matrix), arbitrarily chosen
C = (3x 1 matrix), arbitrarily chosen
D= (1x1 matrix), arbitrarily chosen

a0, al, a2=(1 x 1 matrix) empty matrix

M

## PID controller realization process

1. kp = P- controller (lies between 0 and 255)
2. ki = I- controller (lies between 0 and 31)
3. kd = D- controller (lies between 0 and 31)

## Runge-Kutta method implantation

h = step size

r= desired output
a0=(kp+h*ki+(kd/h));
al=-(2*(kd/h)+kp);
a2=(kd/h);
u=a0*e+al*f+a2*g+u;
k1=h*(A*X+B*u);

Nk wDhD =
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8. k2=h*(A*(X+0.5*h*k1)+B*u);
9. k3=h*(A*(X+0.5*h*k2)+B*u);
10. k4=h*(A*(X+k3)+B*u);
11. X=X+(1/6)*(k1+(2*k2)+(2*k3)+k4);
12. y=C*X+D*u; ## system output
13. e=r-y; ## system error

Now using this above algorithm searching for optimal values of PID controller
coefficients is described in next section.

26.3 Results and Discussion

In this work, an arbitrary system was chosen and its normal output response with
step input was obtained. Then, a PID controller was designed with optimal values of
coefficients and the whole procedure was implemented using Runge-Kutta method
in MATLAB [21-23] simulating software. The result in both cases (with and without
PID controller) is tabulated [24, 25].

Example 26.1 Transfer function of system:

1
S3+10S24+55+1°

The steady state variables of this system can be calculated as.

0 1 O 0
A= 0 0 1 B=10
—-1-5-10 1
C=[100] D = [0]

Now with a unit step input signal, the output response without any controller is
shown in Fig. 26.3b. Now using a PID controller, after optimizing its coefficients,
with values of 18, 31, 4 of PID controller, respectively, the output response is shown
in Fig. 26.3a. Now, Table 26.1 shows the comparative result of these two output
responses.

Example 26.2 Transfer function of system:

3
S34+20824+55+9

The steady state variables of this system can be calculated as
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Fig. 26.3 Output response of system (Example 26.1) with optimized PID controller (a), without
any PID controller (b)

Table 26.1 Achieved output result for Example 26.1

Characteristics With PID controller Without PID controller
Rise time 0.4155 7.68
Settling time 0.65 11.6
Settling max 1.03 1.02
Settling min 0.9996 0.9027
Overshoot (in %) 3 2
Peak time 0.95 16.06
0 3 0 0
A= 0O 0 1 |,B=|0],
—3-5-20 1
c=[100], D = [0].

Now with a unit step input signal, the output response without any controller is
shown in Fig. 26.4b. Now using a PID controller, after optimizing its coefficients,
with values of 7, 28, 4 of PID controller, respectively, the output response is shown
in Fig. 26.4a. Now, Table 26.2 shows the comparative result of these two output
responses.
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Fig. 26.4 Output response of system (Example 26.2) with optimized PID controller (a), without
any PID controller (b)

Table 26.2 Achieved output result for Example 26.2

Characteristics With PID controller Without PID controller
Rise time 0.37 3.45

Settling time 0.65 28.75

Settling max 0.9998 1.35

Settling min 0.99959 0.8759

Overshoot (in %) 0.02 35

Peak time 1.26 8.63

26.4 Conclusion

In this work, an adaptive Genetic algorithm (GA)-based tuning approach for
Proportional-Integral-Derivative (PID) controller coefficients has been successfully
proposed and analyzed. The control system under study was modeled using its
state space representation, and the nonlinear dynamics were addressed through
linearization using the fourth order Runge-Kutta method to ensure accurate simu-
lation. The primary objective of this research was to enhance the performance of
the system by minimizing the MAE to within 1% and by significantly reducing the
settling time, thereby achieving faster and more precise responses. The adaptive
GA provided a systematic way of optimizing the PID parameters, overcoming the
limitations of conventional trial-and-error tuning methods. Despite the absence of
experimental validation owing to constraints related to equipment and scope, the
simulation outcomes derived from accurate state space modeling and Runge-Kutta
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techniques convincingly illustrate the efficacy of the GA-optimized PID controller.
Future endeavors will concentrate on the experimental application to substantiate
these results further. The results, as tabulated in the study, clearly demonstrate the
effectiveness of the proposed approach in improving stability and transient response
characteristics, highlighting its potential applicability for a wide range of control
system applications.
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