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Abstract: Designing optimal controllers aims to improve the performance of a control system by minimizing
tracking errors,control effort, or other system-specific objectives. However, obtaining analytical solutions for
optimal controllers is often intractable for highly nonlinear, coupled multi-input multi-output (MIMO) systems.
While gradient-based optimization methods can be employed, they may converge to suboptimal solutions due to
the presence of multiple local minima in the cost function. Metaheuristic algorithms, on the other hand, offer a
way to search for global optima even in complex, nonlinear systems. This article considers a nonlinear, coupled
2-DOF SCARA robot manipulator and proposes a super-twisting sliding mode controller that generates smooth
control inputs compared to conventional sliding mode controllers, which typically produce discontinuous signals.
We explore the use of genetic algorithms, particle swarm optimization, and simulated annealing to automatically
tune the controller parameters, with the objective of minimizing trajectory and velocity tracking errors along a
predefined path.

Keywords: Supertwisting sliding mode control, genetic algorithm, particle swarm optimization, simulated

annealing, metaheuristic optimization, optimal control

INTRODUCTION

Optimal control problems involve systems that aim to
achieve tracking or stabilization of state variables while
optimizing a specific optimality criterion. Controllers that
achieve this are referred to as optimal controllers [1], [2].
Controllers can be designed with a number of parameters,
which further complicates finding the optimal controller
parameters analytically. Furthermore, the model and
controller can be nonlinear systems, which further constrains
the solution to the optimal control problem. For simpler or
linear controllers and models, a classical gradient descent—
based method is sufficient to obtain the optimal controller.
In the case of nonlinear controllers or controllers with
too many design parameters, a gradient descent-based
optimization method can yield a false optimal controller due
to becoming stuck in a local minimum.

To solve this problem, metaheuristic optimization methods
can be used. While manual trial-and-error tuning might
work in some cases, it is often inefficient, non-systematic,
and may not consistently yield high-performance solutions.
Metaheuristic optimization methods, on the other hand,
provide an automated and reproducible approach to tuning
controller parameters.
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They can efficiently explore high-dimensional or non-convex
search spaces, reduce human effort, and identify parameter
sets that optimize performance according to a defined
objective function. Metaheuristic optimization methods
are experience-based algorithms that aim to find near-
optimal or satisfactory solutions, especially in complex or
non-convex search spaces where traditional optimization
methods may fail [3].

The controller obtained through metaheuristic optimization
is considered optimal in a practical sense, as it achieves
excellent performance in the defined objective space,
despite the absence of global optimality guarantees.
Metaheuristic methods can be divided into three categories:
evolutionary, physics-based, and swarm intelligence-
based optimization algorithms. Each of these has its own
advantages and disadvantages [4], [5].

Similar works use metaheuristic algorithms for linear
controller tuning [6]-[8]. This article aims to compare
these metaheuristic methods in the design of a sliding
mode controller for a 2DOF SCARA manipulator [9]. This
article is organized as follows: Section | provides the
introduction. Section Il explains the genetic algorithm,
particle swarm optimization, and simulated annealing
metaheuristic optimization methods. Section Il presents
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the SCARA 2DOF dynamic robot model. Section IV explains
conventional sliding mode control. Section V presents
a supertwisting sliding mode control for a 2DOF SCARA
manipulator. Section VI shows the results and compares
the three above-mentioned optimization algorithms.
Section VIl provides the final conclusion.

1. METAHEURISTIC OPTIMIZATION METHODS
1.1. Genetic algorithm

The genetic algorithm is a population-based metaheuristic
optimization algorithm that imitates natural evolution,
during which a population evolves by filtering out the fittest
members. Articles [10] and [11] provide a good overview
of the genetic algorithm and its parameters. The genetic
algorithm is based on natural evolutionary principles:
selection, mutation, and crossover. Figure 1 shows the flow
diagram of a genetic algorithm. First, an initial population
is proposed via an initial solution. For each member of
the current population, a fitness value is calculated. This
fitness value represents how well a particular solution
performs with respect to the optimization objective, such
as minimizing tracking error or control effort. The higher
the fitness value of a population member, the more likely it
is to be selected for the process of crossover. Population
members chosen for reproduction are selected through
a process called selection. Members are chosen based
on their fitness values in such a way that those with
higher fithness values have a higher chance of survival and
reproduction. Selection can be carried out in several ways.
One method is to transfer good genetic material to a new
generation, a process referred to as generational selection.
Another method is to eliminate population members with
low fitness values, known as selection by elimination.
Crossover refers to the exchange of genetic material
during reproduction.
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Figure 1: Genetic algorithm flowchart

1.2. Particle swarm optimization

The Particle Swarm Optimization (PSO) algorithm is a
swarm intelligence optimization method that exhibits
behavior characteristic of large groups of individual
members communicating and acting together [12], [13].
Population members gather better information about
their location within the swarm through interaction. By
combining interactions with other members and their own
previous knowledge, each member improves its position
within the swarm [14]. Particle Swarm Optimization is the
most general swarm intelligence optimization algorithm.
The basic idea of the PSO algorithm was conceived by
simulating a flock of birds, where the flock optimizes a
specific goal function. PSO uses a specified number of
members who "fly” through the search space to find the
best solution. During the flight, each member searches
for its own best solution by comparing its current state
with its previous states and the states of other members.
Initially, a random swarm (population) is generated. During
each algorithm step, the fithess value of each agent is
calculated, and every agent keeps track of its own best
fitness value. Throughout the optimization process, each
agent tries to adjust its velocity based on its current
position, current velocity, and the distance from the best
agent. This velocity update is given by:

v, (t+1)=wv,(1)+Cpr, (pbesti (1)—x, (t))
+Cyr, (gbestl. (t)-x, (t))

where, C and C, are positive constants called acceleration
coefficients. Values r, and r, are random numbers in the
interval [0, ,1], given by a uniform distribution, and w is the
agent’s inertia, which is used for balancing between local
and global search. In 1, the term C\r, (pbest(t) — x(1)) is
called the cognitive part of the PSO algorithm because
the particle is updating its velocity based on its best
solution and its current position. The term C.r, (gbest (i)
- x(1) is called the societal part of the PSO algorithm
because the particle is updating its velocity based on
societal knowledge adaptation. After the velocity update,
the agent’s current position is updated by the following
equation;

x,(t+1)=x,.(t)+vl.(t+l) (2)

(1)

Figure 2 shows the particle swarm optimization
flowchart. The PSO algorithm stops if the maximum
number of iterations is reached. The main disadvantage
of the PSO algorithm is the inability to systematically
choose algorithm parameters. They are usually chosen
as standard values from existing literature or determined
by trial and error. Analogous to the genetic algorithm,
the fitness of each particle in PSO corresponds to the
value of the cost function in the control system. The
particles in the swarm move toward solutions that
minimize this cost function, guiding the optimization
process.
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1.3. Simulated annealing

Simulated annealing is a stochastic optimization method
that is analogous to the process of atomic substance
rearrangement within the crystal structure during the cooling
of a substance. The basic idea of simulated annealing is to
imitate the annealing of a melted metal in order to find the
minimum of a function. In the simulated annealing method,
an objective function is treated as the energy of the cooled
metal, and artificial temperatures are introduced and
gradually decreased in order to reach a global minimum.
Initially, a random solution is generated and the energy is
calculated for that solution. A new solution is then generated
in the vicinity of the old solution. The energy difference
between the old and new solutions is calculated as:
AE=E(k+1)-E(k) (3)
If the energy is reduced, then the new proposed
solution is accepted. If the energy is not reduced, then
the acceptance of the new solution is governed by the
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Figure 2: Particle swarm optimization flowchart

Boltzmann distribution, which depends on the current
temperature. The Boltzmann distribution is given by:

E

(E) — eikuTA

P (4)

r

where £, is the Boltzmann constant and 7, is the annealing
temperature. The annealing temperatures are predefined
and are gradually lowered according to the following
equation:

T"=al}, O<a<l

©)

where o is a design parameter chosen such that the
temperature is very low near the convergence point. The
previously described steps are repeated until the stopping
criterion is satisfied. In this work, the cost function used
in the optimal control formulation is treated as the energy
in the simulated annealing algorithm. Thus, minimizing the
energy corresponds directly to minimizing the control cost.
Figure 3 shows the flowchart diagram of the simulated
annealing optimization method.
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Figure 3: Simulated annealing flowchart

2. SCARA 2DOF MODEL

The mathematical model of a 2DOF SCARA manipulator
is given by [15], [16]:

B(q)i+C(q.9)d+F(4)=u(r) ©)

where B(g) is a 2 x 2 matrix, called the inertia tensor. Its
diagonal terms are the moments of inertia of the robot
joints, while the remaining terms are the inertia cross
products. Clg,¢) is a 2 x 2 matrix, called the matrix of
centrifugal and Coriolis forces acting on the robot joints.
Flg) is a 2x1 vector that models Coulomb friction, and
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u represents the external moments acting on the robot
joints. The dimensions of the vector u are 2 x 1. This model
represents a planar 2-DOF SCARA robot [17], as shown
in Figure 4. Since the robot operates in a horizontal plane,
the gravitational forces do not influence its dynamics.
Therefore, the gravity vector, which is typically present in
manipulator models, is omitted. For the 2-DOF SCARA
manipulator, these matrix values are given by [18], [19]:

B, (q)=1.7277+0.1908cos g, (7)
B,,(g)=0.0918+0.0954cos g, ®)
B, (q)=0.334+03418cosq, 9)
B, (q)=0.9184 (10
C,, (¢.G)=31.8192-0.0954sin g, (11)
C,(g.4)=-0.0954(4, + ¢, )sing, (12)
C,,(g,9)=0.344128¢, sin g, (13)
Cy, (q.4)=12.5783 (14
£(¢)=1.0256sgn(q,) (15)
£,(q)=1.7842sgn(q, ) (16)

. T . . .
For any input vector u =[u1 uz} , the joint accelerations
can now be simulated as follows:

i 2l GHe &l

3. SLIDING MODE CONTROL

(17)

Sliding mode control [20], [21] is a subset of variable
structure control [22], where the phase portrait of the
dynamic system slides along a manifold that defines its
transient behavior. Let the system dynamics be given by a
nonlinear first-order matrix differential equation:

i(1)=f(x)+g(x)u(t)

where u=[g ¢], ueR? whilefix)and g(x)>g,>0 are
smooth functions defined by:

(18)

q
f(X){_BI (q)(C(q,CJ)quF(q))}
)=[o 5'(a)]

The idea of sliding mode control is to force the system,
given by 18, to be constrained to the manifold given by:

s(x,t) =0 (19
This function defines the sliding manifold along which the
phase portrait will reach the equilibrium point. Let us
denote the Lyapunov candidate function as follows:

V(x,t) =s's (20)

Figure 4: Sketch of the 2DoF SCARA robot

A global reaching condition is given by:

V(x,t)<0, VseR\{0} (21)

Therefore, asymptotic stability is guaranteed if the control
input u is such that 21 is satisfied. Furthermore, finite
reaching time can be obtained if:

V(x,t)<—e, VseR\{O}/\e>O (22)
One method to always guarantee finite reaching time and
global asymptotic stability is to choose the control input
such that the derivative of the sliding function always has
the opposite sign compared to the current value of the
sliding surface:

§ =-&sgn(s) (23)
Now it follows that:

V =—sésgn(s) ==¢|sl=-£V (24)
This implies:

V(1) =V'"2(0)-¢t (25)

and therefore, at time ¢, = V"2 (0)/¢, the phase portrait
reaches the manifold in finite time.
4. SLIDING MODE CONTROL FOR SCARA MANIPULATOR

For SCARA manipulator, let us define the sliding surface
as:

s= e+ e (26)
where e is the tracking error defined as:
:|:QId:|_|:QIj| 27)
9ra q,




§ sciendo

B&H Electrical E,gjnge ind, Volume 19, Issue 1, 2025:36-44

ISSN:2566-3143, elISSN:2566-3151, DOI: 10.2478/bhee-2025-0006

where ¢,, and ¢,, are the desired trajectories for the
manipulator joints, and the manifold slope and sliding
mode constant are given by:

ﬂ{ﬂl 0} 52{51 0}
0 A 0 &
It is now possible to obtain the finite time reaching law.
Using 27 and 26 and plugging them into 23, it follows:

(28)

§ =pe+é=p(q,~q) + 4, —G=-¢csng(s) (29)

Using 17 and 29 it follows:

~Esgn(s) =BG, —P+(G.— B (4)(u—Clg.9) 4+ F())) (30)
Finally, the control effort u can be obtained:

u=B(q) (&sgn(s) + P4, —4) + 4,) +C(4,9) 4+F(g) (31)

[t can be seen that the control input now contains both
the continuous and the switching part, B(g)sgn(s). This
switching part can induce chattering [23], which is high-
frequency oscillation of the control signal. Actuators have
their own dynamics and frequency bandwidth, and they
cannot produce an output signal of infinite frequency.
Furthermore, high-frequency switching can cause
dissipation and damage to the actuator circuit. One way
to solve this problem is to approximate the switching
part of the control law with a continuous approximation
function, such as a saturation function or a sigmoid
function [24]. However, these methods lack robustness
and do not guarantee asymptotic stability. Moreover, this
control law requires at least approximate knowledge of
the model, as can be seen from 31, which can result in
tracking errors. These problems can be solved by using
smooth second-order sliding mode control [25]. The idea
of higher-order sliding mode is to hide the discontinuity
in its higher derivatives by ensuring that the measured
output s and its derivatives are equal to zero, i.e.:

st) =5() =..=s""'(t) =0 (32)

where 7 is the relative order of the sliding variable (output) s
relative to the input signal u. This yields a decentralized control
law, called the supertwisting sliding mode control [26]:

u = kllJMsgn(sl) + klzjsgn(sl)dt (33)
u, = kZIJmsgn(sz) + kzzjisgn(s2 )dt (34)

This controller also guarantees finite reaching time [27]. The
control produces a smooth signal since the gains &,,4ls | and
k,ls. | attenuate the chattering effect as the sliding variable
becomes smaller

f
>| [ el edt f———>
Ga q
Path qd Sliding u q
planning »|  mode »| Robot +
i 4a control q

F 3 *

Figure 5: Sliding mode controller

5. RESULTS AND DISCUSSION

Controller parameters g, f,, k, , k,, k,,, and k,, now define
the dynamics of the transient response. The desired
trajectory is a trajectory that interpolates [0 1]"and [1 0]”
via a third-order polynomial in an interval of T' = 2s. Initial
and final joint velocities are zero. The desired trajectories
are:

15 3,
G __Zt +Zt (35)
1, 3,
qzﬁzt —Zt +1 (36)
Let us define the cost function that is to be minimized:
T e|
sl <] fa -
0 53

where [ is the 2 x 2 identity matrix. This cost function
equally minimizes joint position and joint velocity tracking
errors. Figure 5 shows the optimization process. Values of
the cost function are obtained through the simulation, and
the optimization algorithm finds the controller gains that
minimize the cost function. The simulation is conducted
using the fourth-order explicit Runge-Kutta method. Initial
joint positions are ¢(0) =[0 1]"and initial joint velocities are
¢(0) = [0 1] which means that the initial tracking error
is zero as well. Controller parameters must be bounded
so that high gains are avoided. If the gains are not
bounded, the cost function will be minimized, but at the
cost of a high-amplitude control signal. These controller
gain bounds can be obtained by inspecting the effect of
controller gains on system stability. For such nonlinear
systems, these bounds are difficult to obtain. Heuristically,
these gains can be bounded as:

0<f <10
0<k, <100

Fori,j=1, 2, the lower bound on the controller gains is set
to zero, as negative gains can lead to an unstable system,
while the upper bound is set to 100 to avoid excessively
high controller gains. All simulations and modeling are
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done in the Simulink environment. Controller parameter
values are shown in Table I. Table Il shows the minimum
value of the cost function obtained by each optimization
method. It can be seen that all three methods obtain
similar results.

Table I: Obtained controller parameters

k,, k,, ky, k,, b B,
GA 16.7723 59.4364 2.0025 99.8918 3.0779  3.2430
PSO  16.8943 96.6785 4.4902 99.2437 6.3372  5.8519
SA 259752 97.9633 21898 83.3479 6.4891  4.0865

Particle swarm optimization obtains the smallest cost
function values. Furthermore, the PSO algorithm obtains
the optimal value in 21 iterations, whereas the other
algorithms require more execution time.

Table II: Method comparasion

Minimum .
Function count Cycles
value 10-°
GA 1.0802e 7810 40 generations
PSO 1.1246 1327 21 iterations
SA 1.2166 3127 3000 iterations

Since all three algorithms offer similar minimum cost
function values, all three controllers achieve excellent
tracking when the initial tracking error is nonexistent.
Figure 6 shows the joint positions for all three controllers
and the desired joint trajectories, while Figure 7 shows
the desired and obtained joint velocities. It can be seen
that all three controllers ensure near-perfect trajectory and
velocity tracking. Figure 8 shows the control effort for both
robot joints. It can be seen that the control signal does
not contain chattering due to the supertwisting controller.
Furthermore, the gains k,, and k,, for all three controllers
are smaller compared to the gains k,, and k,,, which gives
better chattering attenuation. Initially, all three optimization
algorithms give similar results for zero initial values. Let us
now introduce some different initial values as follows: ¢(0)
=[-0.1 0.9]"and ¢(0)=[-0.5 -0.3]"
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and let us now define new desired trajectory given by:

2 5

T 2

qld(t) - 1.53 t _3 (1'5)3 t (40)
V4 3z, T

) = s sy @1

Furthermore, in order to show the controller’s robustness
to disturbances, let a constant input disturbance act at
time = 1s with the intensity u (1= 1s)=[10 —5]" Nm. Figure
9 shows joint positions with nonzero position tracking
error, a new desired joint trajectory, and the acting input
disturbance, while Figure 10 shows joint velocities with
nonzero velocity tracking error, a new desired joint velocity,
and the acting input disturbance. It can be seen that all
three algorithms ensure steady-state tracking. Figure 11
shows the control signal for all three optimization methods.
It can be seen that all three optimization methods require
the same amplitude of the input torque. It can also be
observed that the existing control parameters do not
produce a chattering effect. Figure 12 shows the sliding
variable for controllers obtained via all three optimization
methods.
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Figure 9: Joint positions for GA, PSO and SA algorithms with
nonzero initial errors and acting input disturbance
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Figure 10: Joint velocities for GA, PSO and SA algorithms with
nonzero initial errors and acting input disturbance

[t can be seen that all three controllers drive the sliding
variables to zero, but the genetic algorithm introduces
oscillations in the sliding variable response, which is an
undesired behavior. Figure 13 shows the phase diagram
of the robot manipulator with nonzero initial errors for all
three optimization algorithms. It can be seen that all three
optimization algorithms drive the system to the sliding
switching lines and to the origin. The Table lll shows the
metrics for the obtained controllers with existing initial
tracking errors, the new desired joint trajectory and the
input disturbance.

Table lll: Methods comparasion with nonzero initial tracking error
and acting input disturbance

i nion e P s o
GA 0.0025118 0.0025956 0.0021994 0.059166  0.087476
PSO 0.0029353 0.0029045 0.0021886  0.03865  0.086571
SA 0.0028377  0.002734  0.0022154  0.044351  0.076587
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Figure 11: Control signal for GA, PSO and SA algorithms with
nonzero initial errors and acting input disturbance
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Figure 12: Sliding variable s for GA, PSO and SA algorithms with
nonzero initial errors and acting input disturbance
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Figure 13: Phase portrait for GA, PSO and SA algorithms with
nonzero initial errors and acting input disturbance

The chosen metrics are the root mean square of the joint
position tracking error and the root mean square of the
velocity tracking error for both joints:

Cruss = %Ee(z‘)eT (e)dt (42)
S = %Ee(t)éT(e)dt (43)
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It can be seen that the genetic algorithm yields the smallest
value of the cost function.

6. CONCLUSION

This article presented three metaheuristic optimization
algorithms —genetic algorithm, particle swarm
optimization, and simulated annealing—to determine the
optimal supertwisting sliding mode controller for a 2DOF
SCARA robot manipulator. Metaheuristic optimization
algorithms are particularly useful for combinatorial
problems or functions with high complexity. Unlike
local optimizers, which may converge to local minima,
metaheuristic algorithms are capable of finding global
minima, making them well-suited for highly nonlinear
systems and controllers. A nonlinear coupled 2DOF
SCARA robot manipulator model was presented, and the
supertwisting sliding mode controller was selected due
to its ability to resolve the chattering problem commonly
associated with conventional sliding mode control. It
was demonstrated that all three optimization algorithms
achieve excellent predefined trajectory and velocity
tracking. Furthermore, the genetic algorithm was shown
to deliver the best results when initial tracking errors were
present.
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