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Abstract

Parameter self-tuning of servo control systems is crucial for optimizing automation pro-
cesses, especially in complex systems such as permanent magnet synchronous motors.
In this paper, a nonlinear adaptive whale optimization algorithm (NAWOA) is proposed
and applied to parameter self-tuning, which improves the traditional whale optimization
algorithm (WOA) by nonlinearly adaptively adjusting two parameters during optimization
to enhance fast convergence and global search capabilities. A servo control system with
three parameters to be tuned is constructed using both simulation and physical methods.
Simulation and experimental results show that the NAWOA outperforms the genetic algo-
rithm, particle swarm optimization, and WOA in parameter self-tuning of the servo control
system with lower error indicators and fast convergence speed. Although it still faces the
challenge of initial condition dependency, the proposed NAWOA provides a powerful
solution for real-time industrial applications.

Keywords: servo control system; permanent magnet synchronous motor; parameter self-
tuning; search algorithm; whale optimization algorithm

1. Introduction

Parameter self-tuning is widely used in servo control systems [1-5]. Different combina-
tions of controller parameters have a significant impact on the performance of servo control
systems. For low-order control systems, the optimal parameter combination of different
controller parameters can be artificially found by traversing the parameter combinations
by trial and error. It is also possible to use empirical algorithms summarized by predeces-
sors or derived from control principles, such as the Z-N (Ziegler Nichols) algorithm, to
optimize the parameter combination. Such tuning methods are called model-based param-
eter self-tuning methods, whose core lies in the empirical summary of the trial-and-error
process. However, they are no longer suitable for high-order control systems with more
parameters and more external interferences, such as the permanent magnet synchronous
motor (PMSM), whose size of the solution space grows exponentially as the number of
parameters increases.

In recent years, with the rapid development of swarm intelligence algorithms [6-8],
rule-based parameter self-tuning algorithms have gradually emerged and are favored by
researchers. It treats the control system as a black box and achieves parameter tuning
through iterative optimization based only on input, output, and search rules. These tuning
methods have strong adaptability and versatility in different scenarios. Various swarm
intelligence algorithms, such as the particle swarm optimization (PSO) algorithm [9-13]
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and the genetic algorithm (GA) [14-18], have been used for parameter self-tuning of servo
control systems and have shown good performance. Nevertheless, they suffer from inherent
drawbacks, such as large solution spaces, long search times, and a tendency to converge to
local optima prematurely.

To address the issues above, a new rule-based method called the whale optimization
algorithm (WOA) [19] has been proposed. WOA is a heuristic swarm intelligence search
algorithm inspired by the feeding behavior of humpback whales. By simulating the
whales’ encircling prey, searching for prey and spiral bubble-net attacking mechanismes, this
algorithm has demonstrated good performance in various fields [20-22]. However, WOA
still faces some challenges, such as limited convergence accuracy, susceptibility to getting
trapped in local optima, and strong dependence on the initial solution. Furthermore, when
applying WOA to parameter self-tuning of servo control systems, the characteristics of the
problem should be carefully considered, and appropriate improvements should be made
to enhance the performance of the original algorithm. In this paper, the traditional WOA
is improved by nonlinearly adaptively adjusting two parameters during optimization to
enhance fast convergence and global search capabilities. The proposed nonlinear adaptive
whale optimization algorithm is applied to the parameter self-tuning of a servo control
system demonstrating superior performance.

2. Methods
2.1. Servo Control System

The servo control system under investigation is composed of three closed loops
including current loop, speed loop and position loop, as shown in Figure 1. The input of
the system is the position command and the output of the system is the three-phase stator
winding current (ia, ig, ic) with control information. In this paper, the parameters to be
tuned of the servo control system include the proportional coefficient K of the position P
controller, the proportional coefficient Kyp and the integral time constant Ky; of the speed
PI controller.

Position
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| Position P |: Speed PI | il Current PI »| Inverse Park > SvPwM B » Three-Phase
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Figure 1. Block diagram of a servo control system.

The position error e(f) can be obtained by subtracting the position feedback from
the position command in Figure 1. The performance indices used in this paper are the
time integrals of the position error, including integral time absolute error (ITAE), integral
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absolute error (IAE), integral time square error (ITSE), and integral square error (ISE),
which are defined as follows:

ITAE = /OTt|e(t)\dt, 1)
TAE — /OT le(£)|dt, ?)
ITSE — /OTt-e2(t)dt, 3)
ISE = /O Tez(t)dt, 4)

where f is the time variable, and T is the signal duration. Considering that these four
performance indices have strong engineering practicality and the servo control system
is a long-term running system, the error integrals can be used as performance indicators
to effectively evaluate the degree of error accumulation of the system during long-term
operation, thereby effectively improving the control accuracy and stability of the system.

2.2. Traditional Whale Optimization Algorithm

The optimal parameter combination of the servo control system can be found using
the traditional whale optimization algorithm [19]. Assuming the whale population is N,
the position vector X of a whale is treated as a solution of the optimization problem. In
our case, X = (Kpp, Kyp, Ky;). During optimization, the position of the ith whale at iteration
g is denoted by X‘lg , then its position at the next iteration is updated using one of three
strategies:

(1) Encircling Prey Strategy

g+l _ w8 8 s
Xi = Xpest — A-|C Xpest — Xi |/ )
where Xi o5t 18 the position vector of the best solution obtained so far, A is a vector of

random numbers uniformly distributed in [—a, a] for each dimension, a is a convergence
factor with an initial value of 2 and decreases linearly to 0 with the increase in iteration
number, and C is a random number uniformly distributed in [0, 2].

(2) Searching for Prey Strategy
8+l _ x8 8 8
Xi = Xina — A€ Xina — X7 |/ (©)

where Xfan 4 s a random position vector in the solution space selected from the available
whales.

(38) Spiral Bubble-Net Attacking Strategy

-exp(bl) - cos(2ml) + X3 .., )

g+l _ | y% g
Xi - ’Xbest - Xi

where b is a constant for defining the shape of the logarithmic spiral, and [ is a random
number in [—1,1].

In traditional WOA, the probability of using the third strategy is 50%. In mathematical
terms, choosing a random number p in [0,1] and a constant P, = 0.5, if p > Py, the position
is updated using Equation (7). If p < Pp and |A| < 1, the position is updated using
Equation (5). If p < Pp, and |A| > 1, the position is updated using Equation (6).

https:/ /doi.org/10.3390/machines14020242


https://doi.org/10.3390/machines14020242

Machines 2026, 14, 242

40f13

2.3. Nonlinear Adaptive Whale Optimization Algorithm

Since the encircling prey strategy is a key factor in the convergence of WOA [23], the
probability of using the first strategy should be increased in the early stages of the opti-
mization process to accelerate convergence. Furthermore, the searching for prey strategy is
crucial for the global search capability of WOA, and the probability of using the second
strategy should also be increased. Therefore, we proposed a nonlinear adaptive whale
optimization algorithm (NAWOA), with changes compared to WOA as follows:

e  Pj varies with iteration g:

e )

where P. € (0,0.5), and G is the maximum number of iterations.

PL(g) — P, (®)

The smaller the value of P, the higher the probability of encircling prey and searching
for prey. However, the value of P, should not be too small, to ensure a reasonably high
probability of entering spiral bubble-net attacking in the later stages of iteration. Thus,
we choose P. = 0.1. Taking G = 10 as an example, P, € [0.4,0.9) can be calculated as
shown in Figure 2. It can be seen that Pj is greater than 0.5 in the early stages of iterations
ensuring a higher probability of encircling prey and searching for prey, which is beneficial
for fast convergence and global search. In the later stages of iterations, Py is less than 0.5
leading to a higher probability of spiral bubble-net attacking that might result in a better
local solution.

2 T T T T
N PL varies with iteration g
N
1.8 F S - = =P, =05
S N a decreases nonlinearly
1.6 N — = =g decreases linearly
AN
1.4 + A 1
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1.2 F M 1
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0.2 r N <\
AN
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Figure 2. Changes in parameters involved in the optimization algorithm with iteration number.

e g decreases nonlinearly with iteration g:

2
2- e, H0<g<mG
a(g) = m*GL! oA ’
8) {1(1_5), itmG <g<G; ”

1-m
where m € (0.5,1) is a constant determining the segmentation point of the piecewise
function.
The larger the value of m, the greater the probability of searching for prey. However,
the value of m should not be too large, to avoid losing the optimal solution in the later stages
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of iteration. Therefore, we choose m = 0.8. Taking G = 10 as an example, the descending
curve of a(g) is shown in Figure 2. It can be seen that a is greater than 1 for most iterations,
which gives a certain probability of searching for prey that is beneficial for global search.
We applied the proposed nonlinear adaptive whale optimization algorithm to the pa-
rameter self-tuning of the aforementioned servo control system. The flowchart of NAWOA

is shown in Figure 3.

‘ Initialize the whale population ‘

Strategy 1

Strategy 2 —

‘ Compute fitness

v

‘ Update the best position

[s the fitness
of the best position lower
than threshold?

Yes— Strategy 3 —

Record the best
solution

A 4
End

Figure 3. Flowchart of NAWOA.

3. Results and Discussion
3.1. Simulation Results and Discussion

Simulations were conducted on MATLAB R2022a. The code for optimization algo-
rithms was written in MATLAB, while Simulink was used for simulation modeling of
the servo control system. The Simulink model includes modules for the position P con-
troller, speed PI controller, inverse Park transform, space vector pulse width modulation
(SVPWM), three-phase inverter, PMSM, Clark transform, Park transform, signal input,
error calculation, and so on. The error calculation modules consist of ITAE, IAE, ITSE,
and ISE.

Data exchange between optimization algorithms and the simulation model occurs
via the default workspace of MATLAB. The simulation model calculates the fitness value
by integrating position error over the instruction cycle and feeds it back to the workspace
through the simout variable. Figure 4 shows the timing diagram of data exchange between
an optimization algorithm and a simulation model when the algorithm performs parameter
self-tuning of a servo control system.
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— — —» Transmit the calculated fitness value to the optimization algorithm

Figure 4. Timing diagram of data exchange for an optimization algorithm.

During simulation, we employed the PSO, GA, WOA, and NAWOA for parameter
self-tuning of the servo control system. The PSO algorithm has a maximum value of inertia
factor of 0.5, a minimum value of inertia factor of 0.08, an individual historical learning
factor of 2, and a global learning factor of 4. The GA has a mutation probability of 0.7
and a crossover probability of 0.5. For the NAWOA, P. = 0.1 and m = 0.8. For all four
algorithms, the population size N is 50, the maximum number of iterations G is 10, and the
search range for each parameter is [0, 50,000]. To avoid the influence of initial conditions,
all of the above algorithms were run multiple times, and the best result from each was
selected for analysis.

From Figures 5-8, it can be seen that the GA generally exhibits poor self-tuning
performance with higher error indices, while the NAWOA outperforms the other three
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algorithms in parameter self-tuning across all four performance indices including ITAE, IAE,
ITSE, and ISE. Since ITAE can effectively suppress persistent minor errors and minimize

oscillations in the system’s transient response, it is used as the only performance index and
fitness value for the system subsequently.
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Figure 8. Simulation ISE decline curve with iteration number.

Figure 9 shows the characteristics of the four optimization algorithms in the solution
space. The GA exhibits the most scattered distribution. PSO shows a denser pattern than

GA. The distributions of the WOA and NAWOA are relatively concentrated, clustering
around the optimal solution, i.e., the green regions in the scatter plot.

Further analysis of Figure 9 and characteristics of each algorithm reveals that the
GA generates strong randomness through crossover and mutation, resulting in significant
differences and low similarity between consecutive iterations. This mechanism expands

the search scope, enhancing global search capabilities but reducing the accuracy of local
searches. Consequently, when the population size is small or the number of iterations
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is limited, the GA performs worse than the PSO, WOA, and NAWOA. In contrast, the
PSO, WOA, and NAWOA update positions based on the previous iteration with weaker
randomness. This strengthens the memory between iterations, reduces positional shifts,
and focuses the search on local regions, thereby improving local search capabilities. Upon
convergence, the PSO, WOA, and NAWOA typically yield better optimal solutions than
the GA.

Figure 9. Scatter plot of the positions of the solutions of the four algorithms in solution space. The
bluer the color in the legend, the larger the ITAE value and the worse the control performance; the
greener the color, the smaller the ITAE value and the better the control performance.

To deeply investigate the search behavior and performance of NAWOA in parameter
self-tuning of servo control systems, we enlarged the 3D scatter plot of NAWOA in Figure 9
and projected it into left, front, and top views, as shown in Figure 10. The red rectangles
in the front and top views indicate that the optimal solutions found by the NAWOA are
distributed around Kpp = 20,000 and are independent of Kyp, and Ky;. By observing the
red rectangles in the left view, although no obvious law was found in the distribution of
optimal solutions, the scattered points exhibited a linear distribution, which is consistent
with the encircling prey strategy of NAWOA. It can also be observed that the clustering of
scattered points is denser around the core of the linear distribution, while the distribution
of scattered points is more dispersed at both ends of the linear distribution. The overall
view of the 3D scatter plot provides a more intuitive way to see the actual path that the
NAWOA searches throughout the solution space. It can be observed that the scattered
points distributed along several straight lines eventually lead to the red-boxed regions
containing the optimal solutions. Therefore, the proposed NAWOA can still converge
stably in a solution space with a very large search size and weak constraints in servo control
system applications.
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Figure 10. 3D scatter plot of the positions of the solutions of NAWOA in solution space and its three
projection views. The red dashed squares indicate better solutions.

3.2. Experimental Results and Discussion

The experimental servo control system is mainly composed of a PMSM, a servo driver,
and a computer, as shown in Figure 11. Parameter self-tuning algorithms are written in
the debugging software on the computer. Parameters are updated in real time, and the
corresponding firmware program is written into the servo driver to realize path planning
of the input signal, cycle control, calculation of ITAE, and data transmission. PMSM
parameters used in the experiment are listed in Table 1. Other parameters are the same as
those in simulation.

— Photoelectric

Data .
Encoder Line
Transmission ()
Line
[ ) [ )
Three-Phase (QL

Control Signal

Computer Servo Driver Line PMSM

Figure 11. Experimental servo control system.

Experimental results are shown in Figure 12. It is evident that the NAWOA performs
best, the GA performs the worst, and the PSO and WOAs perform similarly, which aligns
closely with simulation results. The improved NAWOA, by adjusting the algorithm’s
decision probability Pj and structural parameter A, adaptively optimizes the probability
of entering the three strategies during iteration. This improvement significantly enhances
NAWOA's ability to escape local optima and compensates for the weak global search
capability of WOA due to its spiral search strategy. The improved NAWOA achieves a
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convergence speed close to that of WOA, and both outperform the GA and PSO in terms of
convergence speed.

Table 1. Parameters of the permanent magnet synchronous motor.

Name Unit Value
Rated torque Nm 1.27
Rated voltage \Y% 220
Rated speed rpm 3000
Rated current A 2.77

Stator resistance Q 3.23
Q-axis inductance mH 4.597
D-axis inductance mH 3.562

Flux linkage Wb 0.049
Moment of inertia 104 kg/ m?2 0.461
Number of poles unitless 5

850 T T T T T T T T
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(o2}
(63}
o

ITAE / ms? rad
o
S
1)

[6)]
[$)]
o

500

450

400 1 1 I 1 1 I 1 1
1 2 3 4 5 6 7 8 9 10

Iteration number

Figure 12. Experimental ITAE decline curve with iteration number when N = 50.

When the population size N is increased from 50 to 100, around the 5th iteration, as
shown in Figure 13, the PSO, WOA, and NAWOA exhibit a notable drop in their ITAE
curves, reflecting strong abilities to escape local optima. The GA shows a similar drop
near the 8th iteration but lags in final tuning results and convergence speed. NAWOA's
nonlinear adaptive improvements increase the likelihood of entering encircling prey and
searching for prey strategies, boosting both convergence speed and global search capability.

Compared to Figure 12, increasing the population size with a fixed number of iterations
reduced the final ITAE value, indicating better tuning performance. A larger population
enhances the chance of finding superior solutions but increases the search scale and time
cost. In our experiments, each search took approximately 1-2 s. A complete parameter
self-tuning experiment with 500 searches took about 10 min. Thus, in practical tuning, the
search scale should be tailored to balance performance needs and time constraints.
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Figure 13. Experimental ITAE decline curve with iteration number when N = 100.

4. Conclusions

This paper presents a nonlinear adaptive whale optimization algorithm (NAWOA)
for the parameter self-tuning of servo control systems. The decision probability P; and
the structural parameter A of the traditional whale optimization algorithm are nonlin-
early adaptively adjusted to accelerate convergence and enhance global search capability.
Simulations and experiments are carried out to verify the feasibility of the NAWOA in
parameter self-tuning. Results show that the NAWOA outperforms the WOA and is
significantly better than the GA and PSO. Applying the proposed NAWOA method to
parameter self-tuning is expected to improve the performance of servo control systems.
Future research could further investigate how to eliminate the influence of initial conditions
on the NAWOA.
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