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Abstract: Effectively tuning the parameters of proportional–integral–derivative (PID) controllers has persistently
posed a challenge in control engineering. This study proposes enhanced hippopotamus optimization (EHO) to address
this challenge. Latin hypercube sampling and adaptive lens reverse learning are used to initialize the population
to improve population diversity and enhance global search. Additionally, an adaptive perturbation mechanism is
introduced into the position update in the exploration phase. To validate the performance of EHO, it is benchmarked
against hippopotamus optimization and four classical or state-of-the-art intelligent algorithms using the CEC2022
test suite. The effectiveness of EHO is further evaluated by applying it in tuning PID controllers for different types of
systems. The performance of EHO is compared with five other algorithms and the classical Ziegler–Nichols method.
Analysis of convergence curves, step responses, box plots, and radar charts indicates that EHO outperforms the
compared methods in accuracy, convergence speed, and stability. Finally, EHO is used to tune the cascade PID
controller for trajectory tracking in a quadrotor unmanned aerial vehicle to assess its applicability. The simulation
results indicate that the integrals of the time absolute error for the position channels (x, y, z), when the system is
optimized using EHO over an 80 s runtime, are 59.979, 22.162, and 0.017, respectively. These values are notably
lower than those obtained by the original hippopotamus optimization and manual parameter adjustment.

Key words: PID controllers; Parameter tuning; Hippopotamus optimization; Latin hypercube sampling;
Adaptive lens reverse learning; Adaptive perturbation mechanism
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1 Introduction

Proportional–integral–derivative (PID) con-
trollers are widely used in industrial systems due
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to their simple structure, straightforward implemen-
tation, and model independence, which contribute
to their versatility and robustness. Achieving opti-
mal performance with a PID controller necessitates
precise tuning of its three parameters: proportional
gain, integral gain, and derivative gain. Proper tun-
ing can ensure desired performance characteristics,
such as minimal overshoot, fast settling time, and
robustness to disturbances. However, effective tun-
ing of a PID controller presents significant challenges
due to the intricate dynamics of the controlled sys-
tems and the inherent trade-offs in parameter adjust-
ments. This study explores advanced optimization
techniques to automate the PID controller tuning
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process, aiming to enhance control performance and
robustness across various applications.

1.1 Brief literature review

Tuning PID controller parameters has been rec-
ognized as a challenging and significant issue, mak-
ing it a popular research topic in both academic
and industrial settings. Trial and error is one of
the most intuitive and straightforward methods for
tuning PID controllers. It involves manually adjust-
ing the PID parameters, observing the system re-
sponse, and iterating the process until the desired
performance is achieved. Despite its simplicity, trial
and error can be time-consuming, and requires a
significant level of expertise to achieve optimal re-
sults. Traditional methods for tuning PID controller
parameters are also widely used due to their sim-
plicity and ease of implementation. These meth-
ods provide practical rules and guidelines to set the
PID controller parameters based on the system re-
sponse characteristics. The most well-known tra-
ditional methods include the Ziegler–Nichols (ZN)
method (Ziegler and Nichols, 1942), Chien–Hrones–
Reswick (CHR) method (Chien et al., 1952), and
Cohen–Coon (CC) method (Cohen and Coon, 1953),
providing general guidelines, but often requiring ex-
tensive manual adjustments and iterations to achieve
acceptable performance. Despite their popularity,
traditional methods have limitations, such as depen-
dence on empirical rules and the necessity for con-
tinuous adjustments (Carlucho et al., 2020; Qi et al.,
2020; Kommula and Kota, 2022). Additionally, tra-
ditional methods often fail to achieve precise regula-
tion, leading to suboptimal performance in complex
or highly nonlinear systems.

In recent years, various methods based on intel-
ligent algorithms have emerged to optimize PID con-
troller parameters for regulating closed-loop control
systems and achieving objectives related to stability,
applicability, and robustness. These methods lever-
age advanced computational techniques and artifi-
cial intelligence to enhance the tuning process, often
outperforming traditional methods. Notable intelli-
gent methods include expert systems (Shenassa and
Khakpour, 2008), neural networks (Chen SY and
Lin, 2013; Jing and Cheng, 2013; Liu et al., 2017;
Preethi and Mamatha, 2022; Deng et al., 2024; Sun
et al., 2024), fuzzy control (Carvajal et al., 2000;
Mohan and Sinha, 2008; Wang YZ et al., 2017), and

swarm intelligence algorithm (Wang YJ et al., 2015).
Expert systems use artificial intelligence to mimic
human decision-making. By employing predefined
rules and a knowledge base, expert systems auto-
matically adjust PID parameters, enhancing regula-
tion efficiency, reducing reliance on human expertise,
and adapting to various systems and environmental
changes. However, their effectiveness depends on
the quality of the knowledge base, which requires ex-
tensive domain knowledge and is difficult to update.
Expert systems may not cover all scenarios, espe-
cially in complex, dynamic systems, and have high
design and maintenance costs. Neural networks excel
in handling high-dimensional, nonlinear, and com-
plex systems, but face challenges like high computa-
tional costs, strong data dependency, and poor inter-
pretability. Neural networks enhance response speed
and stability without needing precise mathematical
models, but depend on rule set and membership
function selections, and thus require expert knowl-
edge. Poor selection can degrade performance, and
the number of rules can grow exponentially in com-
plex systems, increasing system complexity. Fuzzy
control uses human-language rules to tune PID pa-
rameters, and provides flexible responses to uncer-
tainty and nonlinearity.

As a category of random search algorithms,
swarm intelligence algorithms are inspired by biolog-
ical intelligence or natural phenomena, and simulate
foraging and reproduction behaviors observed in na-
ture. These algorithms abstract these behaviors into
measurable key indicators, and establish mathemat-
ical models to address various optimization prob-
lems (Reddy and Kumar, 2007; Deng et al., 2012;
Parpinelli et al., 2012; Mortazavi et al., 2019; Tang
et al., 2021; Gad, 2022). Classical swarm intelligence
algorithms include particle swarm optimization
(PSO) (Kennedy and Eberhart, 1995), ant colony
optimization (ACO) (El Khoukhi et al., 2017),
gray wolf optimizer (GWO) (Mirjalili et al., 2014),
sparrow search algorithm (SSA) (Xue and Shen,
2020), golden jackal optimization (GJO) (Chopra
and Ansari, 2022), and duck swarm algorithm
(DSA) (Zhang and Wen, 2024). Kashyap and Parhi
(2021) used PSO to adjust the PID gait controller
of a humanoid robot, reducing stabilization time
and eliminating overshoot. Mughees and Mohsin
(2020) designed a magnetic levitation system and
used ACO to adjust fractional order PID controller
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parameters. Rana et al. (2019) employed GWO
to tune the PID controller and to achieve efficient
maximum power point tracking for proton exchange
membrane (PEM) fuel cells. These examples demon-
strate the effectiveness of swarm intelligence algo-
rithms in tuning PID controllers owing to their pow-
erful heuristic search strategies and excellent global
search capabilities. However, original swarm intelli-
gence algorithms often encounter issues such as slow
convergence speed, low optimization precision, sus-
ceptibility to local optima, and difficulties in param-
eter tuning.

To enhance the performance of swarm intelli-
gence algorithms, researchers have introduced vari-
ous optimization mechanisms to improve the origi-
nal algorithms. These enhancements primarily aim
to increase convergence speed, optimize accuracy,
and prevent the algorithms from getting trapped
in local optima. By focusing on these aspects, the
enhancements lead to substantial improvements in
stability, accuracy, and computational efficiency of
the algorithms when solving complex optimization
problems (Mortazavi, 2022, 2024; Chen XY et al.,
2024; Deng et al., 2024; Xie et al., 2024). Xu
et al. (2024) developed a hybrid algorithm that in-
tegrates quantum particle swarm optimization and
variable neighborhood search, providing fast conver-
gence, good stability, and wide applicability. Feng
et al. (2021) proposed an improved PSO to optimize
PID controller parameters, enhancing the tracking
accuracy of a robotic excavator electro-hydraulic po-
sition servo system. Liang et al. (2020) developed an
improved genetic algorithm (GA) to optimize the in-
tricate nonlinear fuzzy control rule, governing the
relationship between input and response within a
fuzzy PID controller. Mishra et al. (2020) combined
PSO and GWO to tune the fractional order PID
controller parameters. Despite these improvements,
the enhanced algorithms still face challenges, includ-
ing limited local search, lack of a global perspective,
and individual clustering effects. To address these
challenges in practical applications, it is essential to
improve algorithm structures, adjust parameter set-
tings, and incorporate global information.

1.2 Our contributions

Hippopotamus optimization (HO) (Amiri et al.,
2024) draws inspiration from the natural behaviors of
hippopotamus populations. This algorithm operates

based on a three-phase model that includes position
updates within their habitats, defense mechanisms
against predators, and evasion tactics. Despite its
success in various tests and engineering applications,
HO suffers from slow convergence and a propensity to
become trapped in local optima, which are common
challenges in swarm intelligence algorithms. To ad-
dress these limitations, this study proposes enhanced
hippopotamus optimization (EHO). This improved
version aims to enhance the performance of the orig-
inal HO, and is specifically applied to the tuning of
PID controller parameters in complex systems. The
main contributions of this study are summarized as
follows:

1. A novel initialization strategy for HO is de-
signed, which combines Latin hypercube sampling
(LHS) with adaptive lens reverse learning (ALRL).
This strategy notably enhances the diversity of the
initial population, and improves the global optimiza-
tion performance of the algorithm.

2. An adaptive perturbation mechanism is inte-
grated into the position update formula during the
exploration phase of HO. This mechanism dynami-
cally adjusts perturbations to maintain population
diversity and effectively avoid local optima, thereby
improving the search accuracy of the algorithm.

3. The performance of EHO is comprehen-
sively validated on CEC2022 benchmark functions
through statistical significance and convergence be-
havior analysis. Additionally, an ablation analysis
is performed to assess the contribution of each im-
provement strategy on the optimization performance
of EHO.

4. The effectiveness of EHO is evaluated through
simulations conducted in MATLAB/Simulink. It is
compared against five classical or state-of-the-art in-
telligent algorithms and the ZN method. The results
demonstrate that EHO outperforms the compared
methods in terms of accuracy, convergence speed,
and stability, and showcase its superior performance
in tuning PID controllers. To validate the practical-
ity of EHO, it is applied to tune the cascade PID
controller for trajectory tracking of a quadrotor un-
manned aerial vehicle (UAV).

2 PID controller structure

This section presents the foundational as-
pects of PID controller design, beginning with an
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examination of its structural components and their
respective roles in shaping the controller’s response.
Subsequently, we discuss the critical task of defining
an objective function, which is crucial for guiding
the optimization process in determining optimal PID
parameters (Ang et al., 2005).

The typical implementation of the PID con-
troller is depicted in Fig. 1. The PID controller con-
tinuously calculates an error value as the difference
between a desired setpoint and a measured process
variable, and applies correction based on the PID
terms.

Kp

Ki

Kd

Process/Plantr(t) e(t) u(t) y(t)
–+

Setpoint Error
Controller
output

Process
variable

Feedback variable

Fig. 1 Proportional–integral–derivative control
structure

The PID control law can be expressed as follows:

u(t) = Kpe(t) +Ki

∫
e(t)dt+Kd

de(t)
dt

, (1)

where t is the time, u(t) is the control signal (output
of the PID controller), e(t) = r(t) − y(t) is the error
signal, which is the difference between the desired
setpoint r(t) and the actual process variable y(t),
Kp is the proportional gain, Ki is the integral gain,
and Kd is the derivative gain.

The proportional term produces an output pro-
portional to the current error. The proportional gain
Kp dictates the response to the current error. A
higher Kp value enhances the system responsiveness,
but may result in overshoot and instability. The in-
tegral term concerns the accumulation of past er-
rors. It integrates the error over time to eliminate
the residual steady-state error associated with a pure
proportional controller. The integral gain Ki deter-
mines the response based on the summation of past
errors. Excessively high values can render the sys-
tem unstable and oscillatory. The derivative term
predicts the future trend of the error based on its
rate of change. It provides a damping effect, reduc-
ing overshoot and enhancing system stability. The
derivative gain Kd determines the response based on
the rate of error change. A higher Kd value can aid

in reducing overshoot, but may increase the suscep-
tibility to noise.

Effective PID control relies on appropriate tun-
ing of the Kp, Ki, and Kd parameters. The tun-
ing process aims to achieve a desirable trade-off be-
tween responsiveness (speed), stability, and minimal
steady-state error.

3 HO

This section provides a brief overview of HO,
which draws inspiration from three key behavioral
patterns observed in hippopotamus life: position up-
date within rivers or ponds, defense strategy against
the predators, and evasion tactics.

3.1 Population initialization

The population initialization involves generat-
ing the initial positions of the hippopotamuses ran-
domly within the defined search space, given as
follows:

xj = lbj + o1(ubj − lbj), (2)

where o1 is an N ×1 vector of random numbers with
each element being drawn from a uniform distribu-
tion between 0 and 1, N is the population size, and
ubj and lbj (j = 1, 2, ...,m, m is the dimension) are
upper and lower bounds of the search space for each
dimension, respectively.

The position matrix of the initial population is
expressed as

X=

⎡
⎢⎢⎢⎣

X1

X2

...
XN

⎤
⎥⎥⎥⎦=

⎡
⎢⎢⎢⎣

x1,1 x1,2 · · · x1,m

x2,1 x2,2 · · · x2,m

...
...

...
xN,1 xN,2 · · · xN,m

⎤
⎥⎥⎥⎦ , (3)

where Xi is the position of the ith hippopotamus,
and xi,j is the position of the ith hippopotamus in
the jth dimension (i = 1, 2, ..., N and j = 1, 2, ...,m).

After generating the initial population, HO seg-
ments the population into two groups to simulate dif-
ferent behaviors: position update in a river or pond
and defense against the predators. This segmenta-
tion strategy leverages the unique strengths of these
behaviors to enhance the optimization process. The
first 50% of the population is selected for position
update in a river or pond. The other 50% of the
population is used for defense against the predators.
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3.2 Position update for hippopotamuses in a
river or pond (exploration)

In HO, the population consists of different types
of hippopotamuses: adult female hippopotamuses,
baby hippopotamuses, adult male hippopotamuses,
and the dominant male hippopotamus (leader of the
herd). Typically, hippopotamuses gather closely to-
gether, with multiple female hippopotamuses posi-
tioned around the dominant male hippopotamus.
Eq. (4) expresses the position calculation for male
hippopotamuses XMH

i :

XMH
i = Xi + r1

(
XDH
i − I1Xi

)
, (4)

where r1 is a random number in the interval (0, 1),
XDH
i is the position of the dominant male hippopota-

mus, and I1 is a random integer in the interval [1, 2].
The variable set h is crucial for updating the

positions of female or baby hippopotamuses. It is
defined as a function of an index I and a random
vector o, with different branches being selected for
subsequent location updates. The choices are deter-
mined by different conditions involving I and ran-
dom components, which allow for diverse movement
patterns within the search space:

h = {I2o2 + (∼ α1), 2o3 − 1,o4, I3o5 + (∼ α2), r2} .
(5)

In Eq. (5), o2–o5 are 1 ×m vectors of random
numbers uniformly distributed between 0 and 1, and
1 is a vector with all the elements being 1. α1 and
α2 are random numbers drawn from a uniform dis-
tribution in the interval [0, 1], I2 and I3 are random
integers in the interval [1, 2], and r2 is a random
number in the interval (0, 1).

Variable ω is defined as a probability threshold
that exponentially decreases with the increasing cur-
rent iteration number T , relative to the maximum
iteration number Tmax:

ω = exp

(
− T

Tmax

)
. (6)

Eq. (7) describes the position calculation for fe-
male or baby hippopotamuses XFBH

i :

XFBH
i =

{
Xi + h1

(
XDH
i − I2X

MG
i

)
, if ω > 0.6,

β, otherwise,
(7)

where h1 is an element randomly selected from set
h in Eq. (5), and XMG

i is the mean position of ran-
domly selected hippopotamuses, including the cur-
rent one. If ω > 0.6, then the baby hippopotamus
has moved away from its mother; otherwise, use β

as an alternative position update:

β =

{
Xi + h2

(
XMG
i −XDH

i

)
, if r3 > 0.5,

lb+ r4(ub − lb), otherwise,
(8)

where r3 and r4 are random numbers in the inter-
val (0, 1), h2 is an element randomly selected from
set h in Eq. (5), and lb and ub are the upper and
lower bounds in the m-dimensional search space, re-
spectively. If r3 > 0.5, it means that the baby hip-
popotamus has moved away from its mother, but
is still within the group; otherwise, it is out of the
group.

Eqs. (9) and (10) describe the position update
for male hippopotamuses and female or baby hip-
popotamuses, respectively:

Xi =

{
XMH
i , if F (XMH

i ) < F (Xi),

Xi, otherwise,
(9)

Xi =

{
XFBH
i , if F (XFBH

i ) < F (Xi),

Xi, otherwise,
(10)

where F is the fitness function.

3.3 Hippopotamus defense against the preda-
tors (exploration)

The primary defense strategy employed by hip-
popotamuses is to deter predators from approaching
them. At this stage, hippopotamuses exhibit behav-
ior that involves approaching predators to prompt
their retreat, thus effectively warding off potential
threats. Eq. (11) represents the position of preda-
tors in the search space:

XP = lb+ o6(ub − lb), (11)

where o6 is a 1 ×m vector of random numbers be-
tween 0 and 1.

Eq. (12) expresses the distance from the ith hip-
popotamus to the predators:

D = |XP −Xi| . (12)

If F (XHP
i ) is less than F (Xi), it indicates that

the predators are close to the hippopotamus; oth-
erwise, it indicates that the predators or intruders
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are far away from the hippopotamus territory. The
mathematical expression is as follows:

XHP
i =

⎧⎪⎨
⎪⎩
RLXP +

A

D
, if F (XHP

i ) < F (Xi),

RLXP +
A

2D + v
, otherwise,

(13)
where RL is a 1×m vector of random numbers with a
Lévy distribution, and v is a 1×m vector of random
numbers between 0 and 1.⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

A =
f

c− d cos(2πg)
,

RL = 0.05Levy(θ),

Levy(θ) =
0.01μσ

|ν| 1θ
,

σ =

[
Γ(1 + θ) sin

(
πθ
2

)
2

θ−1
2 Γ

(
1+θ
2

)
θ

] 1
θ

.

(14)

In Eq. (14), f , c, d, and g are normally dis-
tributed random numbers in the intervals [2, 4],
[1, 1.5], [2, 3], and [−2π, 2π], respectively; μ and ν

are random numbers obeying the normal distribu-
tion N(0, σ2), θ is the default constant set to 1.5,
Levy(θ) represents a random vector whose elements
follow a Levy distribution with parameter θ, and Γ

is the Gamma function.
If F (XHP

i ) is less than F (Xi), then the hunter
will escape, and this hippopotamus will return to the
herd; otherwise, the hippopotamus has been hunted,
and another hippopotamus will replace it in the herd.
The mathematical expression is as follows:

Xi =

{
XHP
i , if F (XHP

i ) < F (Xi),

Xi, otherwise.
(15)

3.4 Escaping from the predators (exploita-
tion)

When hippopotamuses encounter a group of
predators or are unable to repel them through de-
fensive actions, they seek refuge in the nearest lake
or pond to avoid harm. This behavior is modeled by
Eqs. (16)–(18).

The position of the hippopotamus that finds the
nearest safe place is calculated as

XHS
i = Xi + r5 (lo+ q1(hi − lo)) , (16)

where r5 is a random number obeying the uniform
distribution in the interval (0, 1), lo = lb/T , hi =

ub/T , and q1 is an element randomly selected from
the three scenarios of set q, which contains vector or
number and is listed in Eq. (17):

q = {2o7 − 1, r6, r7} , (17)

where o7 is a 1 ×m vector of random numbers be-
tween 0 and 1, r6 is a normally distributed random
number in the interval (0, 1), and r7 is a random
number obeying the standard normal distribution in
the interval (0, 1).

The position update formula of the hippopota-
mus is as follows:

Xi =

{
XHS
i , if F (XHS

i ) < F (Xi),

Xi, otherwise.
(18)

4 EHO

EHO incorporates several advanced techniques
to improve the performance of the original HO.
These enhancements aim to increase the diversity
and quality of the initial population and improve the
ability of the algorithm to balance exploration and
exploitation throughout the search process. EHO
employs LHS and ALRL during initialization. LHS
ensures a more uniform coverage of the search space
compared to random sampling, and ALRL enhances
the diversity and quality of the initial population.
After generating an initial population of N individ-
uals using LHS and ALRL, EHO produces a com-
bined population size of 2N . All 2N individuals
are then ranked based on their fitness values. The
top N fittest individuals are selected for subsequent
iterations. This strategy can accelerate the con-
vergence of the algorithm by retaining the most
promising solutions while discarding less effective
ones. During the developmental stage, after the hip-
popotamus population has moved to a safer area, an
adaptive t-distribution random perturbation strat-
egy is employed. The perturbation size adapts
based on the population size: smaller populations
receive larger perturbations to promote exploration,
whereas larger populations receive smaller perturba-
tions to focus on exploitation. This adaptive mecha-
nism enhances the ability of the algorithm to escape
from local optima, increasing the likelihood of find-
ing global optima. The flowchart of EHO is depicted
in Fig. 2.
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Fig. 2 Flowchart of the enhanced hippopotamus optimization

4.1 LHS

LHS is a powerful technique for generating a set
of samples that are uniformly distributed within a
given parameter space (Viana, 2016; Wang YP et al.,
2024). In the context of optimizing PID parameters
using EHO, LHS is employed to ensure that the ini-
tial population of solutions covers the search space.
First, the range of values for each dimension of Kp,
Ki, and Kd is evenly divided into several intervals.
Next, one sample point is selected in each dimension
to ensure that each interval contains exactly one sam-
ple point. This ensures a uniform distribution of
sample points in each dimension. Then, the sample
points on each dimension are randomly rearranged
to introduce randomness and avoid any systematic
biases. Finally, the sample points in each dimension

are combined to form a sampling set, which consti-
tutes the samples obtained through LHS.

EHO uses LHS to initialize the population posi-
tions uniformly distributed within the interval [0, 50].
The formula for generating sample points using LHS
within this interval can be expressed as follows:

xj = (lbj − lj)LHS(N, 1) + lj , (19)

where lj is the lower limit of the interval [0, 50],
which is 0 in this case with all elements being 0,
and LHS(N, 1) is the LHS function that returns an
N × 1 matrix of sample points.

Eq. (19) generates sample points for each dimen-
sion of the population using LSH. By multiplying the
difference between the lower bound of the dimension
and the lower limit of the interval by the sampled
values from LHS, and then adding the lower limit of
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the interval, the equation ensures that the generated
sample points are uniformly distributed within the
interval [0, 50].

LHS ensures that the samples are evenly dis-
tributed across the parameter space, preventing the
population from clustering around certain regions
and promoting a more thorough exploration. By gen-
erating a diverse set of initial solutions, LHS helps
the algorithm avoid getting stuck in local optima
during the initialization stage, thus improving its
global search capability. The more uniform distri-
bution of the initial solutions facilitated by LHS can
lead to faster convergence and better overall perfor-
mance of the algorithm.

The visual representations of the difference be-
tween the random initialization and LHS initializa-
tion are depicted in Fig. 3, highlighting the superior
uniformity and coverage of the latter. This illustrates
the effectiveness of LHS for population initialization
in EHO.

4.2 ALRL

Traditional reverse learning strategies have a
fixed reverse solution, which can hinder the algo-
rithm’s ability to escape from local optima, espe-
cially when the reverse solution is inferior to the
current solution. ALRL addresses this limitation
by dynamically adjusting the reverse solution. This
technique can improve the diversity and quality of
the initial population by expanding the search space
and exploring new regions. Unlike traditional re-
verse learning, where the reverse solution remains
fixed, ALRL adapts the reverse solution based on the

current context and the individual’s position within
the solution space (He and Wang, 2024).

The principle of ALRL, as illustrated in Fig. 4,
involves using the concept of lens imaging to dynam-
ically adjust reverse solutions. In Fig. 4, the Y axis
represents the convex lens. Eq. (20) represents the
relationship between the object, its image, and the
lens parameters:

(a+ b)/2− x

x∗ − (a+ b)/2
=

l

l∗
, (20)

where x denotes the projection of objectM on theX
axis, x∗ signifies the projection of the inverted real
image M∗ on the X axis, l stands for the height of
object M , and l∗ denotes the height of the inverted
real image M∗.

Y

M

b Xa x

I

O
x*

I*

M*

Fig. 4 Principle of adaptive lens reverse learning

This equation essentially describes the relation-
ship between the distances of the object and its im-
age from the midpoint of the lens. The ratio of these
distances is equal to the ratio of the heights of the
object and its image.
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Let k = l/l∗. Then Eq. (20) can be rewritten as

x∗ =
a+ b

2
+
a+ b

2k
− x

k
. (21)

The parameter k determines how far the inverse
solution deviates from the current solution. By ad-
justing its value, ALRL can dynamically modify the
inverse solution, thereby enhancing the global search
capability of the algorithm. In this study, the value
of k is dynamically adjusted, and is set as the in-
dex of the current individual. The mathematical
expression applied during the initialization phase of
EHO, considering the dynamic adjustment of k, is as
follows:

xi =
ub+ lb

2
+

ub + lb
2i

− xi,j
i
. (22)

4.3 Initialization combining LHS and ALRL

To enhance the population generation during
the initialization phase of HO, this study combines
LHS and ALRL to generate the initial population.
LHS ensures that the initial populations are uni-
formly distributed across the search space, reduc-
ing the chances of missing any potential solutions.
ALRL increases the diversity of the initial popula-
tions, enabling the algorithm to explore a broader
area of the search space. By combining LHS and
ALRL and selecting the best populations based on
fitness values, the algorithm starts with a high-
quality initial population. This improves the effi-
ciency of the optimization process and enhances the
global performance of the algorithm.

The implementation steps of initializing the
population in EHO are as follows:

1. Employ LHS to generateN initial individuals,
and apply ALRL to generate another N individuals
by taking the reverse solutions of the N individuals
obtained through LHS.

2. Combine the N individuals generated by LHS
and the N individuals generated by ALRL, resulting
in a total of 2N individuals.

3. Evaluate the fitness values of all 2N individu-
als, and sort these individuals based on their fitness
values in descending order, where individuals with
higher fitness values rank higher.

4. Select the N individuals with the highest fit-
ness values from the sorted list as the final initial
population for the algorithm.

4.4 Adaptive perturbation mechanism

To address the issue of reduced population di-
versity and susceptibility to local optima during the
later iterations of HO, this study introduces an adap-
tive perturbation mechanism, which helps maintain
diversity in the population and improves the algo-
rithm’s ability to escape from local optima by dy-
namically adjusting perturbations.

The perturbation probability density function is
defined as

p(T ) =
Z√

χ2/νDoF
, (23)

where Z has a standard normal distribution and χ2

has a chi-square distribution with degrees of freedom
νDoF.

The adaptive perturbation mechanism leverages
the t-distribution to adjust the perturbation size dy-
namically during the optimization process (Lange
et al., 1989). This approach ensures larger perturba-
tions for broader exploration during the early itera-
tions and smaller perturbations for finer exploitation
during the later iterations.

The position update formula using the adaptive
perturbation mechanism is as follows:

XHS∗
i = XHS

i +XHS
i p(T ), (24)

where XHS
i is the current hippopotamus individual

position, and p(T ) is the perturbation probability
density function that generates a random number in
the interval [0, 1].

The adaptive perturbation mechanism can ef-
fectively use the relevant information within the cur-
rent population. This mechanism dynamically ad-
justs perturbations applied to individuals based on
the current iteration number T . With lower degrees
of freedom νDoF, significant perturbations will oc-
cur, enhancing global exploration. As the degrees of
freedom νDoF increase, a normal distribution is ap-
proximated, balancing exploration and exploitation.
With higher degrees of freedom νDoF, the perturba-
tions become smaller, focusing on local exploitation
and convergence accuracy.

To preserve the information from the original
population and enhance the algorithm’s exploitation
capability, we implement the same fitness value rank-
ing mechanism used during initialization, which is
based on fitness value selection. This ensures that
only beneficial perturbations are accepted, retaining
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individuals that positively impact the fitness land-
scape. The formula for individual selection is as
follows:

Xi,new =

{
XHS∗
i , if F (XHS∗

i ) < F (XHS
i ),

XHS
i , otherwise.

(25)

4.5 Time complexity analysis

The time complexity (Li and He, 2020) of an
algorithm is a critical measure of its performance,
particularly when addressing complex optimization
problems. Below is a detailed analysis of the time
complexities for both HO and EHO.

In HO, the time complexity for population ini-
tialization is O(N), where N is the population size.
During the exploration and exploitation phases, the
time complexity is O(N × Tmax), with Tmax repre-
senting the maximum number of iterations. Thus,
the overall time complexity of HO can be expressed
as O(N×Tmax). EHO employs advanced population
initialization strategies, including LHS and ALRL.
The time complexity for population initialization in
EHO is O(N × logN) due to the sorting mecha-
nism used to select the top N individuals from a
pool of 2N candidates. This sorting process typ-
ically incurs a logarithmic overhead. Despite the
increased time complexity of adaptive perturbation
mechanism during the exploitation phase, the explo-
ration and exploitation phases of EHO maintain the
same complexity as HO, specifically O(N × Tmax).
Consequently, the overall time complexity of EHO
can be expressed as O(N × logN +N × Tmax).

Although the time complexity of EHO increases
during the population initialization phase compared
to HO, this additional complexity is offset by the
improved performance characteristics of EHO. The
efficient initialization strategies employed in EHO
facilitate fast convergence and superior optimization
accuracy, making it a more effective choice for com-
plex optimization problems.

5 Results and discussion

This section presents a comprehensive evalua-
tion of the proposed EHO across multiple scenar-
ios. The initial step involves evaluating EHO on
CEC2022 benchmark functions in a standardized
optimization setting. This evaluation establishes a
baseline for the performance of EHO in comparison

to other algorithms, highlighting its capabilities in
terms of solution quality, convergence speed, and ro-
bustness across different types of optimization land-
scapes. The next phase applies EHO to tune the PID
controller parameters of a two-degree-of-freedom (2-
DoF) robotic system. During the tuning process,
various fitness functions are explored to assess their
impact on the optimization process and system per-
formance. The analysis focuses on justifying the se-
lection of ITAE as the preferred fitness function for
this study, given its ability to balance fast response,
minimal overshoot, and stable system dynamics. Fi-
nally, EHO is applied to tune the PID parameters for
transfer functions representing three different types
of systems. These systems vary in complexity and
dynamic behavior, providing a diverse testing ground
for the effectiveness of EHO. The goals are to opti-
mize the PID parameters using EHO and compare
the results against those obtained from various tradi-
tional and intelligent tuning methods. All the exper-
iments are performed using MATLAB on a personal
computer with an Intel� CoreTM i5-13500 HX CPU
operating at 2.50 GHz with 16 GB of RAM and a
64-bit operating system.

5.1 CEC2022 benchmark functions and ex-
perimental setup

CEC2022 (Bujok and Kolenovsky, 2022) com-
prises 12 benchmark functions that are categorized
into four distinct groups based on their character-
istics: F1 is a unimodal function, F2–F5 are basic
multimodal functions, F6–F8 are hybrid functions,
and F9–F12 are composition functions. These func-
tions vary in dimensionality and complexity, provid-
ing a comprehensive platform for evaluating the ef-
ficacy of optimization algorithms. Table S1 in the
supplementary materials summarizes the properties
and characteristics of each function in the CEC2022
test suite.

To comprehensively assess the proposed EHO,
a comparative analysis is performed with five
optimization algorithms, including HO, the GOOSE
algorithm (Hamad and Rashid, 2024), GJO, PSO,
and GA. These algorithms are selected because they
represent either classical or recently developed meta-
heuristic algorithms widely used in solving optimiza-
tion problems. For HO and EHO, key parameters
are not fixed but generated based on random ini-
tialization within a specified range. For comparative
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algorithms, parameters are chosen according to stan-
dard configurations from the literature to ensure a
fair comparison. Additionally, we perform a series of
preliminary experiments to fine-tune these parame-
ters, ensuring optimal performance for the specific
problem context. Detailed parameters for each al-
gorithm are given in Table S2 in the supplementary
materials. All algorithms are configured with consis-
tent parameters: fixed population size, dimensional-
ity, and maximum iteration count of 30, 20, and 500,
respectively.

5.1.1 Statistical significance analysis

Table S3 in the supplementary materials
presents the optimization results of EHO and five
compared algorithms across 30 runs. The perfor-
mance of the algorithms is evaluated using four
metrics: best, worst, mean, and standard devia-
tion (Std). EHO achieves the optimal solution for
function F1 with a Std of 0, outperforming all the
compared algorithms. This indicates that EHO is
highly consistent and accurate for this type of func-
tion. EHO shows exceptional performance on func-
tion F2, demonstrating its capability to navigate
complex landscapes with multiple local optima. For
function F3, EHO ranks the highest in terms of Std,
highlighting its robustness in dealing with variability
in solutions. For functions F4 and F5, EHO excels in
both the worst value and Std, indicating a reliable
performance in finding good solutions even in less fa-
vorable conditions. Although EHO does not always
rank the first for all metrics in multimodal functions,
it maintains the results close to the top-performing
algorithms and ranks the second overall. EHO ranks
the third for the best value on function F6, but out-
performs all other algorithms across the remaining
metrics for all hybrid functions. This implies a bal-
anced performance across varying types of optimiza-
tion landscapes. EHO demonstrates superior perfor-
mance on functions F9 and F10, achieving the best
and the worst values, and mean value on function
F10. EHO ranks the second on function F12, which
shows its adaptability and effectiveness across com-
plex and composite optimization problems. How-
ever, EHO does not achieve the best runtime per-
formance among the algorithms, due to its incorpo-
ration of four improvement strategies that prioritize
solution quality over speed. This trade-off results
in superior optimization performance at the cost of

longer runtime. The Friedman rank test provides an
average ranking for the six optimization algorithms,
where EHO is ranked the highest. The performance
ranking order is EHO > HO > GJO > GOOSE >

PSO > GA.
EHO demonstrates higher solution stability and

accuracy compared to the other five algorithms on
CEC2022 benchmark functions. Its superior perfor-
mance in terms of solution quality and robustness
makes it an ideal choice for optimization problems,
especially in real-world applications where these at-
tributes are critical.

5.1.2 Convergence curve analysis

Fig. S1a in the supplementary materials illus-
trates the convergence curves of six algorithms on the
unimodal function F1. As seen, EHO quickly identi-
fies the optimal value early in the iterations. It main-
tains consistent performance until the maximum it-
eration limit, clearly outperforming the other algo-
rithms. The other algorithms, by comparison, con-
verge more slowly or struggle to avoid local optima,
which highlights the superior convergence speed and
robustness of EHO. Figs. S1b–S1e in the supple-
mentary materials present the convergence curves
of the six algorithms on basic multimodal functions
F2–F5. EHO consistently outperforms other algo-
rithms by surpassing local optima and converging
to the optimal value with fewer iterations. The
higher optimization accuracy of EHO compared to
the other algorithms further emphasizes its effective-
ness in finding global optima while avoiding prema-
ture convergence.

Figs. S1f–S1l in the supplementary materials
provide the convergence curves of the six algorithms
on hybrid F6–F8 and composite F9–F12 functions.
EHO generally demonstrates the highest optimiza-
tion accuracy and the ability to overcome local op-
tima, leading to global optima. The only excep-
tion is function F12, where EHO shows slightly lower
convergence speed and optimization accuracy com-
pared to PSO. However, for all other functions, the
performance of EHO remains superior. The LHS
strategy enhances the exploration phase by ensur-
ing a diverse sampling of the search space, which
speeds up early convergence. The ALRL strategy
improves exploitation by allowing EHO to refine its
search in promising regions, boosting convergence
speed and accuracy. The fitness ranking mechanism
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helps in dynamically adjusting the search direction
and preventing premature convergence to local op-
tima. The adaptive perturbation mechanism allows
the algorithm to escape from local optima, improv-
ing its ability to achieve global solutions throughout
the iterations.

The analysis of convergence curves across dif-
ferent types of functions reveals that EHO demon-
strates rapid convergence, high optimization accu-
racy, and a low tendency to become trapped in local
optima. These attributes make EHO highly effective
compared to other algorithms, particularly in sce-
narios where both speed and accuracy are critical.

5.1.3 Ablation analysis of improvement strategies

In this subsection, we analyze the synergistic ef-
fects achieved by integrating multiple strategies into
the original HO. The four strategies mentioned in
Section 4, including LHS, ALRL, the fitness ranking
mechanism, and adaptive perturbation mechanism,
are incorporated into HO individually. The resulting
modified algorithms, referred to as LHS hippopota-
mus optimization (LHO), ALRL hippopotamus op-
timization (AHO), LHS and ALRL hippopotamus
optimization (LAHO), and t-distribution hippopota-
mus optimization (THO), are then compared against
the original HO and EHO. Representative CEC2022
benchmark functions are chosen to evaluate the effec-
tiveness of these strategies, including F1, F2, F8, F9,
F11, and F12. The experimental setup and parame-
ters are consistent with those outlined in Section 5.1,
ensuring a fair comparison among the algorithms.

Table S4 in the supplementary materials shows
the impact of each improvement strategy on the opti-
mization performance of HO. The optimization diffi-
culty of the algorithms increases with the increas-
ing complexity of the functions, leading to a de-
crease in solution accuracy. For functions F1 and
F2, LHO, AHO, LAHO, and THO achieve higher
optimization accuracy compared to the original HO.
This demonstrates that all four strategies effectively
enhance the search accuracy of HO in simpler op-
timization tasks. For functions F8 and F9, AHO,
LAHO, and THO outperform both HO and LHO.
The ALRL strategy, fitness ranking mechanism, and
adaptive perturbation mechanism show a significant
improvement in balancing exploration and exploita-
tion. These strategies enable HO to avoid local op-
tima more effectively and achieve global optima. For

functions F11 and F12, THO excels in finding opti-
mal values for these complex functions. The superior
performance is attributed to the adaptive perturba-
tion mechanism, which enhances the ability of HO
to escape from local optima and continue exploring
the search space during iterations. EHO, which inte-
grates all four strategies, demonstrates the best per-
formance across all benchmark functions. It achieves
the highest optimization accuracy, and effectively
balances the exploration and exploitation. Although
incorporating a single strategy into the original HO
improves optimization accuracy, convergence speed,
and global search capability, relying on a single strat-
egy is insufficient for comprehensively enhancing the
performance of HO in solving complex optimization
problems.

5.2 Effect analysis of objective functions

The optimization of PID parameters is a com-
plex task due to the trade-offs between response
speed, system stability, and overshoot/undershoot
behavior. To effectively tune the PID parameters, it
is crucial to select an appropriate objective or fitness
function that reflects the control objectives. Here
are some commonly used fitness functions in the op-
timization of PID controllers.

1. Integral of the time absolute error (ITAE):

ITAE =

∫ ∞

0

t |e(t)| dt. (26)

2. Integral time squared error (ITSE):

ITSE =

∫ ∞

0

te2(t)dt. (27)

3. Integral of the absolute error (IAE):

IAE =

∫ ∞

0

|e(t)| dt. (28)

4. Integral of the squared error (ISE):

ISE =

∫ ∞

0

e2(t)dt. (29)

To justify the choice of ITAE in this study, a
2-DoF robot system (Silva et al., 2023) is modeled
using the transfer function:

G(s) =
8.32s2 + 179.7s+ 1754

s3 + 5.119s2 + 253.5s+ 23.15
, (30)

where s is a complex frequency domain variable, de-
rived from the Laplace transformation.
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To optimize the PID parameters for this system,
the simulation model using MATLAB/Simulink is
created, and its block diagram is shown in Fig. 5.
The PID parameters and various response metrics
for each fitness function are summarized in Table S5
in the supplementary materials. The convergence
curves of optimization processes and the step re-
sponses using four optimized PID controllers are pre-
sented in Fig. S2 in the supplementary materials.
It is evident that when ITAE is used as the fitness
function, EHO demonstrates fast convergence, high
search accuracy, good robustness, and stable system
response. To sum up, using ITAE as the fitness func-
tion for optimizing PID parameters provides a bal-
anced approach that accounts for both steady-state
accuracy and dynamic performance. This ensures
that the control system is fine-tuned to achieve opti-
mal responses.
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Fig. 5 Block diagram of the proportional–integral–
derivative controller optimized by the enhanced hip-
popotamus optimization

5.3 Typical system simulation

To validate the feasibility of EHO for tun-
ing PID parameters, we compared it against the
HO, GOOSE, GJO, PSO, GA, and ZN meth-
ods. A circuit simulation model was designed
using MATLAB/Simulink, as depicted in Fig. 6.
This model includes the benchmark systems, PID
controllers, and various performance measurement
blocks.

The following benchmark transfer functions
were used for simulations:

1. Overdamped system

G1(s) =
1

s2 + 4s+ 4
. (31)

2. Underdamped system

G2(s) =
10

0.04s3 + 0.54s2 + 1.5s+ 1
. (32)
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Fig. 6 A circuit simulation model

3. Unstable system

G3(s) =
s+ 2

s4 + 8s3 + 4s2 − s+ 0.4
. (33)

Each algorithm initialized a population of 50 in-
dividuals, and ran for a maximum of 100 iterations.
The ranges for Kp, Ki, and Kd were [0, 50]. The
saturation ranges for G1(s), G2(s), and G3(s) were
[−5, 5], [−5, 5], and [−10, 10], respectively. The in-
put signal was a unit step signal, and the simulation
duration was 20 s. The parameter configurations
for the six algorithms are listed in Table S2 in the
supplementary materials. For each algorithm, 10 in-
dependent experiments were conducted.

5.3.1 Convergence behavior analysis

Fig. 7 presents the convergence curves for six dif-
ferent algorithms optimizing the PID controller ap-
plied to transfer functions G1(s), G2(s), and G3(s).
Compared to HO, EHO exhibits faster convergence
and lower fitness throughout the iteration process.
EHO converges more quickly than the other algo-
rithms, indicating that it can reach near-optimal so-
lutions in fewer iterations. This efficiency is pri-
marily due to the combination of LHS and ALRL,
ensuring a more uniform and diverse initial popula-
tion. The initial population screening based on fit-
ness value ranking helps in selecting the most promis-
ing individuals, accelerating the convergence of the
algorithm by starting the optimization process with
a better initial population. EHO achieves lower fit-
ness compared to the other algorithms, suggesting
higher search accuracy and better optimization per-
formance. The adaptive perturbation mechanism al-
lows EHO to balance between the global exploration
in the early stages and local exploitation in the later
stages of the optimization process. By adapting the
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degree of perturbations based on the iteration num-
ber, the algorithm maintains diversity and improves
the convergence accuracy.

Overall, the convergence curves in Fig. 7
illustrate that EHO not only outperforms the other
algorithms in terms of convergence speed, but also
achieves significantly better search accuracy across
all tested systems. This indicates that EHO im-
proves substantial performance in optimizing PID
controller parameters, making it a robust and ef-
ficient choice for PID tuning in various control
systems.

5.3.2 Step response analysis

Fig. 8 presents the step responses of G1(s),
G2(s), and G3(s) using six algorithms. Statisti-
cal results including overshoot, settling time, peak
time, mean, and Std for G1(s), G2(s), and G3(s) are
summarized in Tables 1–3, respectively. Overshoot
represents the maximum peak value of the system
response curve as a percentage over the desired re-
sponse. Settling time is the time required for the

system to remain within a certain error band around
the final value, indicating how quickly the system
stabilizes. Peak time is the time when the system
reaches its first peak. Mean of ITAE is a measure
of the overall system performance, with lower values
indicating better performance. Std of ITAE indi-
cates the consistency of the algorithm. A lower Std
suggests more stable performance on multiple runs.

For G1(s), EHO achieved an overshoot of only
0.11%, which is slightly higher than that of the GA
and ZN methods. However, the GA and ZN meth-
ods exhibit the slowest settling among the compared
methods, indicating that EHO outperforms the GA
and ZN methods. Although EHO does not have the
shortest settling time or peak time, the difference
compared to GJO is only a matter of milliseconds,
which is negligible for an overdamped system with
inherently slow response.

For G2(s), EHO achieved an overshoot of 0.62%
and the shortest settling time of 0.774 s among the
compared methods. Although its peak time ranks
fourth, the compared methods with lower peak time
have the overshoot ≥ 40%, which is very dangerous
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Table 1 Statistical results of six algorithms and the ZN method for G1(s)

Method Kp Ki Kd Overshoot (%) Settling time (s) Peak time (s) Mean of ITAE Std of ITAE

EHO 49.894 5.539 7.875 00 0.110 1.498 1.868 0.33702 0.00185
HO 41.546 5.554 6.029 00 0.390 1.485 1.802 0.339 26 0.005 37
GOOSE 15.787 5.524 3.024 00 0.450 1.565 2.053 0.390 06 0.076 60
GJO 50.000 5.552 6.953 00 0.320 1.480 1.772 0.343 81 0.011 98
PSO 25.045 5.552 4.092 00 0.550 1.508 1.868 0.338 88 0.002 34
GA 38.755 5.308 12.956 00 0.004 1.912 5.140 0.461 36 0.318 44
ZN 0.016 0.059 0.001 44 0 263.084

The best results are in bold

Table 2 Statistical results of six algorithms and the ZN method for G2(s)

Method Kp Ki Kd Overshoot (%) Settling time (s) Peak time (s) Mean of ITAE Std of ITAE

EHO 3.115 0.460 0.604 0.62 0.774 0.391 0.04365 0.00163
HO 1.920 0.437 0.405 1.34 0.924 0.479 0.044 20 0.001 82
GOOSE 5.714 18.377 0.922 44.3 1.520 0.371 0.650 42 1.584 62
GJO 8.557 0.410 1.724 1.57 1.059 0.864 0.110 65 0.007 91
PSO 4.550 12.026 0.721 43.64 1.056 0.383 0.136 11 0.068 56
GA 5.933 16.476 0.919 41.65 1.477 0.350 1.823 78 2.205 39
ZN 0.850 0.467 0.156 12.52 1.111 0.716

The best results are in bold

Table 3 Statistical results of six algorithms and the ZN method for G3(s)

Method Kp Ki Kd Overshoot (%) Settling time (s) Peak time (s) Mean of ITAE Std of ITAE

EHO 47.710 0.216 41.973 4.93 2.811 1.726 0.63012 0.00824
HO 22.971 0.195 21.809 1.41 3.438 1.765 0.663 77 0.065 04
GOOSE 29.771 0.211 26.381 6.45 3.208 1.771 2.157 45 0.609 39
GJO 50.000 0 43.188 6.54 2.840 1.745 0.697 41 0.234 73
PSO 50.000 29.612 43.647 69.60 4.495 2.090 1.748 38 0.812 22
GA 38.657 21.279 33.451 66.55 4.823 2.090 1.485 19 0.850 02
ZN

The best results are in bold. We cannot obtain the results for PID parameter tuning using the ZN method for
G3(s) because of instability

for underdamped systems. It is generally known that
excessive overshoot will lead to severe instability.
Overall, EHO demonstrates the best performance on
G2(s).

In industrial control systems, the control time
for G3(s) is crucial to quickly stabilize the system
and reduce economic losses. EHO has the shortest
settling time and peak time among the compared
methods, with an overshoot of only 4.93%. Particu-
larly, the ZN method is an empirical approach that is
generally more effective for the simpler, lower-order
systems, such as first- and second-order systems. It
relies on accurately determining the critical gain and
critical oscillation period to adjust PID parameters.
However, for the high-order system G3(s), which has
complex pole distributions and exhibits nonlinear be-
havior, the ZN method becomes unreliable. During
the simulations, we observe that G3(s) has two poles
located in the right half-plane, indicating instabil-
ity. This instability makes it impossible to achieve
the required oscillation waveforms (e.g., a 4:1 or 10:1

ratio), which are fundamental for the ZN method.
Consequently, we cannot obtain the results for PID
parameter tuning using the ZN method for G3(s).

Overall, EHO exhibits superior performance on
different types of systems, and demonstrates its ro-
bustness and effectiveness in PID parameter tuning.
Its ability to balance the overshoot, settling time,
and peak time makes it particularly suitable for a
variety of control applications. The combination of
LHS, ALRL, and the adaptive perturbation mecha-
nism significantly enhances its optimization capabili-
ties, ensuring better convergence, stability, and over-
all performance compared to traditional and other
intelligent tuning methods.

5.3.3 Box plot analysis

The performance of EHO and the compared al-
gorithms is assessed using box plots in Fig. 9, offering
a visual representation of the distribution and vari-
ability of the ITAE.

For G1(s), the median for EHO is 0.337, which
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is second only to 0.336 achieved by GJO. The inter-
quartile range (IQR) for EHO is also narrow, sec-
ond only to that of PSO. Notably, EHO exhibits the
smallest range between its maximum and minimum
values, indicating the least variability and highest
stability among the compared algorithms.

For G2(s), EHO not only achieves the smallest
median, but also has the smallest range between the
maximum and minimum values among the compared
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Fig. 9 Box plots of six algorithms for G1(s) (a), G2(s)
(b), and G3(s) (c)

algorithms. Although its IQR is larger than that of
HO, EHO still demonstrates superior performance
by maintaining a small overall range, which suggests
consistent and reliable optimization results.

For G3(s), EHO excels by having the smallest
median, the second smallest IQR, and the smallest
range between maximum and minimum values. This
comprehensive robustness underscores the ability of
EHO to handle a wide variety of system dynamics
effectively.

The box plot analysis confirms that EHO con-
sistently outperforms the other algorithms across all
the tested systems. This superior performance, char-
acterized by low median and minimal variability,
highlights the effectiveness and reliability of EHO
in optimizing PID controller parameters.

5.3.4 Radar chart analysis

To compare the effectiveness of different tun-
ing methods more intuitively, we rank the optimiza-
tion results of the compared methods, and use radar
charts to visually display the rankings. Fig. 10
presents these radar charts, showing the perfor-
mance rankings of six algorithms and ZN method
on G1(s), G2(s), and G3(s). The endpoints of the
radar chart, arranged in a clockwise direction, rep-
resent the mean, Std, overshoot, peak time, and set-
tling time. EHO demonstrates a significant advan-
tage over the other methods, indicating a substantial
performance improvement. Moreover, to further il-
lustrate the performance of EHO, we average the
rankings of six algorithms and the ZN method on
G1(s), G2(s), and G3(s) to derive a comprehensive
ranking. As shown in Fig. 10, EHO ranks the first
among all the compared methods.

By using radar charts, we provide an intuitive
and comprehensive comparison of the algorithms,
clearly demonstrating that EHO is the most effective
method for PID controller tuning on different system
types. This comprehensive performance improve-
ment indicates the robustness and efficiency of EHO
in optimizing PID parameters.

5.4 Discussion

EHO incorporates several improvement strate-
gies to enhance its ability to escape from local op-
tima and improve convergence speed. Although
these strategies increase the overall complexity of
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Fig. 10 Radar charts of six algorithms and the ZN method for G1(s) (a), G2(s) (b), G3(s) (c), and compre-
hensive comparison (d)

the algorithm, the resulted increase in runtime is
not exponential for the original algorithm HO. For
CEC2022 benchmark functions, the improvement
strategies in EHO lead to a moderate increase in
runtime. However, this increase is relatively small
when compared to the substantial gains in optimiza-
tion accuracy and convergence reliability, particu-
larly in challenging optimization tasks. The addi-
tional computational cost is balanced by the supe-
rior performance of EHO in finding high-quality so-
lutions and its ability to navigate complex and multi-
dimensional search spaces effectively.

When optimizing PID controller parameters for
three typical systems, the MATLAB compiler is used
in conjunction with Simulink for interactive simu-
lations. The runtime for a single execution of all
algorithms on the same equipment ranges from 10
to 12 min. This duration is consistent across the
algorithms. The primary focus of this study is
to optimize PID controller parameters to enhance
the dynamic performance response metrics of the
controlled system. For this reason, the priority is
placed on the optimization accuracy and reliability
of the algorithm rather than its runtime. Despite
the increased computation time, EHO demonstrates

superior performance in terms of convergence speed,
stability, and robustness. These attributes are cru-
cial for real-world applications where the quality
and reliability of the solution are more important
than the computational time. For practitioners, it
is important to balance the benefits of the enhanced
search accuracy and robustness against the poten-
tial increase in computational time and resources.
In applications (e.g., robot control and industrial
process control) where high precision, stability, and
robustness are paramount, the slight increase in
computational overhead is justified by the substan-
tial performance benefits offered by EHO. On the
other hand, for less demanding tasks where compu-
tational efficiency is paramount, simpler algorithms
may suffice.

6 Trajectory tracking for quadrotor
UAVs

To further evaluate the effectiveness of EHO in
real-world applications, this section explores the use
of EHO in optimizing the cascade PID parameters
of a quadrotor UAV for the trajectory tracking
problem, and compares EHO with HO and manual
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parameter adjustment (MPA). A quadrotor UAV
is a highly dynamic, multi-input, strongly coupled,
multivariable, and underactuated system. The op-
timization task involves tuning the cascade PID
parameters to achieve efficient trajectory track-
ing while minimizing overshoot, settling time, and
steady-state error.

6.1 Quadrotor UAV modeling

The control of a quadrotor UAV is fundamen-
tally based on the manipulation of its four rotors,
which generate thrust forces that allow the UAV
to perform maneuvers, such as taking off, hover-
ing, and landing. By adjusting the speed of each
rotor, the quadrotor can control its motion along
various axes. Fig. 11 illustrates a quadrotor UAV in
an X-configuration, a commonly used setup where
the four rotors are positioned in a cross-like arrange-
ment. The forces generated by the rotors are denoted
as F1–F4. The rotational speeds of the four rotors
are denoted as Ω1–Ω4. The center of the UAV is
labeled as Ob, with ϕ representing the roll angle, θ
the pitch angle, and ψ the yaw angle. The body
coordinate system B moves with the quadrotor and
is centered at Ob, and the world coordinate system
E provides a global reference frame for the position
and orientation of the UAV.
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xb
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ψ 

Fig. 11 Structure of the quadrotor unmanned aerial
vehicle

The rotation matrix in Eq. (34) at the bottom
of this page from systems B to E describes the orien-
tation of the quadrotor UAV in a three-dimensional
space (Gupta et al., 2016). The relationship between

the Euler angles (ϕ, θ, ψ) and the angular veloci-
ties of the UAV body (ωxb , ωyb, ωzb) is given by the
following:
⎡
⎣ϕ̇θ̇
ψ̇

⎤
⎦ =

⎡
⎣ 1 tan θ sinϕ tan θ cosϕ

0 cosϕ − sinϕ

0 sinϕ/cos θ cosϕ/cos θ

⎤
⎦
⎡
⎣ωxb

ωyb
ωzb

⎤
⎦ . (35)

From the relationship between angular veloci-
ties and Euler angles, we derive the position and ve-
locity dynamics of the quadrotor in the world (Earth-
fixed) coordinate system:
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

ẋ = vxe ,

ẏ = vye ,

ż = vze ,

ϕ̇=ωxb+(tan θ sinϕ)ωyb+(tan θ cosϕ)ωzb ,

θ̇ = (cosϕ)ωyb − (sinϕ)ωzb ,

ψ̇ =
sinϕ

cos θ
ωyb +

cosϕ

cos θ
ωzb ,

(36)

where (x, y, z) are the coordinates of the quadrotor
in the Earth-fixed frame and (vxe , vye , vze) represent
its linear velocities in the same frame.

The linear acceleration in each axis of the world
coordinate system is derived from Newton’s second
law:
⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

ẍ= v̇xe =
f

m
(cosψ sin θ cosϕ+sinψ sinϕ) ,

ÿ= v̇ye =
f

m
(sinψ sin θ cosϕ−cosψ sinϕ) ,

z̈= v̇ze =
f

m
(cosϕ cos θ)−g,

(37)

where f denotes the total thrust generated by the
rotors in the body-fixed frame, m is the mass of the
quadrotor, and g is the gravitational acceleration.

For practical controller design, the UAV dynam-
ics is often simplified by assuming slow changes in the
attitude angles, neglecting gyroscopic moments and
linearizing the equations. The moment τ generated
by the propeller on the fuselage axis is related to the
moment of inertia J as follows:

τ =

⎡
⎣ τx
τy
τz

⎤
⎦=

⎡
⎣ Jx 0 0

0 Jx 0

0 0 Jx

⎤
⎦
⎡
⎣ ω̇xb

ω̇yb
ω̇zb

⎤
⎦=Jω̇b. (38)

Re
b =

⎡
⎣cos θ cosψ cosψ sin θ sinϕ− sinψ cosϕ cosψ sin θ cosϕ+ sinψ sinϕ

cos θ sinψ sinψ sin θ sinϕ+ cosψ cosϕ sinψ sin θ cosϕ− cosψ sinϕ

− sin θ sinϕ cos θ cos θ cosϕ

⎤
⎦ . (34)
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The rigid body model for the quadrotor UAV is
expressed by⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

ẍ = sin θ cosϕ cosψ+sinϕ sinψ
m U1,

ÿ = sin θ cosϕ cosψ−sinϕ sinψ
m U1,

z̈ = cosϕ cos θ
m U1 − g,

ϕ̈ = 1
Jx
U2,

θ̈ = 1
Jy
U3,

ψ̈ = 1
Jz
U4,

(39)

where U1 = f is the total lift force, and U2 = τx,
U3 = τy , and U4 = τz are the control inputs repre-
senting the torques around the body axes.

The lift force f and moment τ acting on the
airframe are related to the rotational speeds Ω of
the rotors, as expressed in Eq. (40). Here, cT is the
tension coefficient, and cM is the moment coefficient.
⎡
⎢⎢⎣
f

τx
τy
τz

⎤
⎥⎥⎦=

⎡
⎢⎢⎢⎣

cT cT cT cT

−
√
2
2 cT

√
2
2 cT

√
2
2 cT −

√
2
2 cT√

2
2 cT −

√
2
2 cT

√
2
2 cT −

√
2
2 cT

cM cM cM cM

⎤
⎥⎥⎥⎦

⎡
⎢⎢⎣
Ω2

1

Ω2
2

Ω2
3

Ω2
4

⎤
⎥⎥⎦ . (40)

6.2 Results and analysis

The cascade PID controller is particularly well-
suited for quadrotor UAV control due to its simplic-
ity, tuning flexibility, and strong disturbance resis-
tance. By employing a hierarchical control structure
with inner and outer loops, the controller ensures
the stability and responsiveness of the UAV, en-
abling precise attitude control and trajectory track-
ing during flight, as illustrated in Fig. 12. The inner
loop manages the UAV’s attitude, while the outer
loop handles position control. In this part, EHO
is employed to simultaneously tune all the parame-
ters of the cascade PID controller for a quadrotor
UAV to track a complex helical trajectory. The
simulation results are then compared with those ob-
tained using HO and the manual PID tuner from
MATLAB/Simulink.

In the simulations, the PID parameter range is
restricted to [0, 10]. EHO is configured with a pop-
ulation size of 20, a maximum iteration number of
100, and a dimensionality of 6, reflecting the six PID
parameters to be optimized. The selected trajectory
to evaluate the EHO-optimized UAV PID controller
is a complex helical trajectory, which challenges the
UAV’s maneuvering capabilities with intricate geo-
metric features. The mathematical expression for
this trajectory is

⎧⎪⎪⎨
⎪⎪⎩
xref(t) = cos(0.6t)− cos (0.5t)

3
,

yref(t) = sin(0.2t)− sin (0.4t)
3
,

zref(t) = 0.3t.

(41)

Given that the quadrotor is an underactuated
system, it lacks direct control inputs to stabilize the
x and y positions. Therefore, changes in these posi-
tions are achieved by controlling the UAV’s attitude
angles. In this study, the desired yaw angle is set
to ψd = 0◦. By calculating the dynamic equations
of the UAV, the relationship between the desired
position and the desired attitude angles can be de-
termined as follows:

{
θd = arctan ẍd cosψd+ÿd sinψd

z̈d+g
,

ϕd = arctan(cos(θd)
ẍd sinψd−ÿd cosψd

z̈d+g
).

(42)

Table S6 in the supplementary materials
lists the parameters of the used quadrotor UAV.
Tables S7 and S8 in the supplementary materials
provide detailed PID tuning parameters for each
channel using EHO, HO, and MPA for outer and
inner loops, respectively. The simulation results of
the position variables x, y, and z, and the attitude
angles ϕ and θ over an 80-s complex helical trajec-
tory are presented in Fig. S3 in the supplementary
materials, along with their deviations from the ideal
positions. As seen in Fig. S3 in the supplementary

Desired position 
(attitude) −+−+ −+−+

Kp Ki Kd
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PID controller
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Fig. 12 Cascade PID controller design of the quadrotor unmanned aerial vehicle using enhanced hippopotamus
optimization
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materials, optimization results of EHO and HO in
the x-channel are nearly identical, while MPA ex-
hibits the largest deviation. In the y-channel, EHO
achieves a smaller error than HO during the UAV’s
takeoff phase. In the z-channel, EHO demonstrates
a higher response speed compared to MPA and HO.
EHO and HO exhibit similar tracking performance
in the ϕ-channel. Specifically, EHO achieves a sig-
nificantly smaller error in the θ-channel compared to
HO, with the deviation from the desired value dimin-
ishing over time. The three-dimensional flight path
of the quadrotor UAV is visualized in Fig. S4 in the
supplementary materials.

Table 4 presents the ITAE values for each chan-
nel, which are used to evaluate the three control
methods. The results show that all three meth-
ods effectively optimize the cascade PID controller
of the quadrotor UAV, confirming their stability
and effectiveness in the cascade PID control design.
The ITAE values presented in Table 4 also indicate
that EHO outperforms both HO and MPA across all
channels.

Overall, EHO achieves substantial improve-
ments over HO in optimizing complex systems. Both
EHO and HO provide more efficient optimization re-
sults compared to MPA, which requires more time
and effort for parameter tuning. This demonstrates
that EHO is a promising approach for the automated
tuning of PID controllers in UAV applications, par-
ticularly for complex trajectories requiring precise
control.

7 Conclusions

Tuning PID controllers is a critical aspect of
control systems, because it directly impacts accu-
racy, stability, and response speed. Although HO
offers simplicity, adaptability, and efficiency, its orig-
inal form struggles with slow convergence and a
tendency to get trapped in local optima, especially
in complex optimization tasks. Consequently, this

study introduces an EHO to improve PID controller
tuning. EHO enhances the optimization process by
incorporating LHS, ALRL, fitness value sorting, and
an adaptive perturbation mechanism. In compari-
son with five classical or state-of-the-art algorithms
using CEC2022 benchmark functions, EHO exhibits
superior performance in terms of optimization ac-
curacy, convergence speed, exploration–exploitation
balance, and resistance to stagnation. To further val-
idate the effectiveness of EHO, MATLAB/Simulink
simulations on three typical systems are performed.
The results indicate that EHO outperforms the com-
pared methods, underscoring its superiority in tun-
ing PID controllers. Finally, EHO is applied to op-
timize the cascade PID controller parameters for a
quadrotor UAV, demonstrating its practical benefits
in trajectory tracking. The EHO-optimized UAV
shows superior alignment with the desired trajectory,
and achieves the lowest integral of time-weighted ab-
solute error across all position channels, outperform-
ing both the original HO and MPA. These findings
highlight the robustness and effectiveness of EHO for
real-world control applications.
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