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Brushless direct current (BLDC) motors are widely utilized in industrial and traction 
applications, particularly in electric vehicles (EVs), due to their inherent advantages. In 
EVs, a very low steady-state error with rapid convergence responses is required for a 
smooth wheel acceleration. This article proposes a robust and fast speed controller for the 
BLDC-driven EV using optimized proportional-integral (PI) and fractional-order (FOPI) 
controllers tuned by a new bio-inspired optimization algorithm called the Giant Armadillo 
Optimization (GAO) algorithm. The main goal of this study is to improve the performance 
of the BLDC motor under different variations of the reference speed. The suggested system 
was designed and tested using the MATLAB/Simulink environment. In this study, three 
different case studies are applied, including no load, sudden decrease in speed, and random 
speed variations. Moreover, the achieved results are compared with the classical PI and 
particle swarm optimization (PSO-PI) controllers. The obtained results show that the 
suggested GAO-FOPI controllers significantly outperform the conventional controllers, 
obtaining a speed overshoot of 2.13%, compared to 8.4% with the classical PI method. 
Finally, the suggested controller decreases the rise time to 1.02 sec, achieving a 41% 
enhancement when compared with PSO-PI and PI techniques (1.64 sec and 1.72 sec). 
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1. INTRODUCTION

1.1 Background and motivation 

The rapid electrification of transportation change has 
pushed the requirement for effective and steady motor drive 
systems for the new electric vehicles (EVs). EVs should be 
able to ensure good dynamic performance with the lowest 
power losses possible [1, 2]. Today, the brushless direct 
current (BLDC) motor has been used in EVs due to its high 
efficiency, small size, high torque-to-weight ratio, and low 
maintenance. However, BLDC drives are highly nonlinear and 
thus very sensitive to noise and parameter changes, besides the 
strong coupling between torque and speed, as well as the 
sensitivity to parameter variations and external load 
fluctuations [3, 4]. Hence, the problem of finding a control 
system that is effective and capable of optimal speed and 
torque responses even under these uncertainties remains a 
major challenge in electric vehicle control systems. Therefore, 
due to their simple structure and easy implementation, 
traditional proportional–integrative–derivative (PID) 
controllers are generally employed in the speed control of 
BLDC [5-7]. Accordingly, a classical PID controller with 
fixed gains cannot satisfactorily deal with the nonlinearities of 
the system, changes in parameters, and dynamic loads that are 

typical for the operations of ATVs. In order to increase the 
rigidity and extend the capabilities, a fractional-order PID 
(FOPID) controller was proposed by several authors [8, 9]. 
These settings provide the system more freedom, which 
improves the frequency response, makes it less likely to be 
disturbed, and makes it more accurate in the steady state. The 
five parameters of the FOPID controller also affect how well 
the control system works. This system may be very sensitive 
to these values, and the search area is nonlinear and 
multimodal, which means that small changes in the parameters 
can lead to significant variations in the system's performance 
and stability. 

As a result, smart optimization techniques are used for 
defining the best FOPID parameters in BLDC motor control 
[10]. 

1.2 Key challenges 

Recently, a large number of metaheuristic algorithms 
mimicking nature have been suggested for solving motor 
control issues. Particle swarm optimization (PSO), Genetic 
Algorithm (GA), Grey Wolf Optimizer (GWO), and Whale 
Optimization Algorithm (WOA) are the most recognized 
examples of such algorithms [11-15]. While these algorithms 
have been successful in achieving their goals, they are still 
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prone to the problem of premature convergence, low 
exploitation capability in subsequent iterations, and stagnation 
at local optima when dealing with complex dynamic models. 
Therefore, it is necessary to develop more robust and adaptive 
optimization methods that not only can maintain a balance 
between exploration and exploitation over the course of the 
search but also can carry out calculations with less 
computational effort. Because of these limits, this study offers 
a fast-speed FOPI controller optimized by the new Giant 
Armadillo Optimization (GAO) algorithm. GAO is a nature-
inspired metaheuristic that models the feeding and defensive 
activities of giant armadillos and, by incorporating adaptive 
learning and cooperative features, depicts the global search in 
the initial stages and refined local search near the solution. 
This algorithm was proposed in the study [14]. This inherent 
equilibrium enables GAO to efficiently traverse high-
dimensional search spaces, thereby making it a very 
appropriate tool for the nonlinear and coupled dynamics of 
BLDC control systems. Here, the GAO method is used to 
perform automatic tuning of the five FOPID variables as well 
as the three PID parameters to minimize a composite 
performance index consisting of the integral time absolute 
error (ITAE) and integral time square error (ITSE), thus 
ensuring an optimal trade-off between transient response and 
steady-state precision. 

 
1.3 Previous work 

 
In the past three years, several algorithms have been 

proposed to tune the parameters of the FOPID and PID 
controllers to enhance the performance of the BLDC control 
system. A hardware trans-conductance amplifier (OTA-C)-
based fractional-order PID (FOPID) controller for BLDC 
motor speed regulation  in a previous study [16]. A hardware-
efficient analog structure capable of continuous-time control 
with adjustable fractional dynamics while still keeping high 
accuracy and low power consumption was the focus of the 
work. The paper has shown that the OTA-C implementation 
provides faster speed tracking, lower overshoot, and better 
dynamic stability as compared to conventional PID and digital 
FOPID control schemes. Nevertheless, the method is 
constrained by the limited performance of analog OTA 
components that are affected by temperature, are difficult to 
tune, and whose parameters drift with time.  

To enhance steady-state accuracy and transient performance 
amidst fluctuating load conditions, an Equilibrium Optimizer 
(EO)-based FOPID controller was developed for the speed 
regulation of a BLDC motor [17]. Their goal was to use EO's 
balancing mechanism, which shows the dynamic balance 
between exploration and exploitation, to find the best values 
for the five FOPID parameters that would lead to faster 
convergence and fewer errors. The speed response was found 
to be excellent with very low settling time when comparing 
GA- and PSO-based techniques to the method proposed by the 
authors. However, the limitations of the method include its 
reliance on simulation environments with no hardware 
experiments and no robustness tests against parameter 
uncertainties and sensor noise. In addition, EO’s 
computational cost and the possibility of premature 
convergence in a high-dimensional search space were not fully 
considered. In addition, a dual fuzzy logic–based PID 
controller optimized by the Harmony Search Algorithm (HSA) 
for BLDC speed control was proposed in a previous study [18]. 
The primary goal was to improve the system's adaptability and 

its ability to handle nonlinearity by employing two fuzzy 
inference subsystems: one for on-the-fly gain adjustment of 
the PID parameters and another for dynamic error correction, 
while HSA was used to identify the best scaling factors for 
reducing steady-state error and overshoot. The simulation 
results indicated that the proposed controller achieved better 
dynamic stability, faster response, and higher robustness as 
compared to classical PID and single-fuzzy schemes.  

However, the torque ripple in BLDC motor drives can be 
reduced through the use of a modified Luo converter with an 
FOPID controller [19]. Its main goal was to achieve the 
highest possible converter voltage gain and dynamic 
performance while also lowering torque pulsations and 
acoustic noise. The reconfigured topology exhibited higher 
efficiency and more stable torque than typical DC-DC 
converters with PID control. Nevertheless, the limitations of 
the approach arise from its reliance on a fixed controller 
structure without any optimization or self-tuning features; thus, 
its adaptability to different operating conditions is limited. The 
analysis only slightly considered the tolerances of the 
converter components and the switching losses, which may 
affect the results' accuracy in the real world. The lack of a 
complete sensitivity study or robustness examination against 
load disturbances makes this system less suitable for 
deployment in the real world.  

An enhanced adaptive cascade FOPID controller to handle 
the speed of a BLDC motor in an EV [20]. The goal was to 
combine adaptive learning and fractional-order control to 
realize stable operation under parameter uncertainties, 
nonlinearity, and external disturbances. The technique 
changed the control gains on its own from the real-time 
feedback; thus, it was able to achieve superior tracking 
accuracy and disturbance rejection as compared to classical 
FOPID and adaptive PID controllers. However, the approach 
still has a few drawbacks, such as the reinforcement learning 
requiring a lot of computational power, the tuning complexity 
being increased, and there being no experimental validation 
except for the simulation. Besides, the scalability of the 
framework to multi-motor or distributed EV systems has not 
been discussed.  

An adaptive Bacterial Foraging Optimisation (BFO)-based 
PID controller for a dual-motor electric vehicle powered by 
BLDC machines [21]. The simulation results showed that the 
adaptive BFO was able to improve the convergence speed and 
reduce the overshoot as compared to the GA- and PSO-tuned 
controllers. Nevertheless, the method’s heavy dependence on 
the computationally intensive adaptation and bacterial 
chemotaxis mechanisms makes it less feasible in real-time for 
high-frequency control loops. The authors also did not 
consider nonlinearities such as inverter switching delays and 
mechanical backlash, which may have an effect on the 
performance of practical systems. 

Besides, a hierarchical FOPID controller whose parameters 
were tuned by the Pelican Optimization Algorithm (POA) to 
control the speed of a DC motor in the study [22]. Their main 
intention was to utilize the hierarchical FOPID structure to 
achieve a very good dynamic response and robustness, while 
the POA algorithm was finding the controller parameters that 
would lead to the minimum integral of the error indices. 
Simulation results revealed that their method reached faster 
convergence and a lower steady-state error as compared to the 
PSO- and GWO-based designs. Nevertheless, the model only 
considered a single-motor DC scenario and did not consider 
nonlinear effects typical of BLDC or multi-machine systems. 
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Also, the classical PID controller optimized by the WOA 
algorithm to increase the efficiency of the BLDC motor, 
thereby enhancing the transient response and robustness 
against load changes [23]. A comparative study of GA, PSO, 
and GWO-derived systems suggested that the application 
resulted in a major increase in tracking accuracy and energy 
efficiency. However, the method has some drawbacks, such as 
the need for proper WOA parameter tuning and the risk of 
becoming stuck at local minima. Furthermore, the controller 
was only evaluated through simulation studies without any 
noise consideration in hardware or sensors. 

The tuning of the PID gains using the teaching-learning-
based optimization (TLBO) algorithm was proposed in order 
to enhance the response of the controller and provide smooth 
speed BLDC control [24]. The achieved results are compared 
with the classical PID controllers under different operation 
conditions. In addition, a new intelligent optimization 
algorithm called adaptive input-output feedback linearization 
was applied on the BLDC motor drive to enhance the motor’s 
performance under nonlinear decoupling conditions [25]. The 
new method effectively improved the transient response and 
tracking error reduction largely in comparison with the 
conventional nonlinear controllers. The method is 
characterized by high algorithmic complexity and significant 
computational demands, which raises concerns about the real-
time applicability of embedded EV systems. Additionally, the 
controller design relies on precise system modeling, making it 
sensitive to measurement noise and unmodeled dynamics. 

A hybrid PSO-TLBO algorithm to tune the gains of the PID 
method [26]. The comparison tests showed that TLBO had a 
faster convergence and better stability margins than PSO, thus 
the transient response was improved and the torque ripple was 
reduced. However, the method is constrained by its reliance on 
fixed optimization parameters, which means that it cannot be 
very flexible when the solar conditions change quickly. 

However, a comparative study for optimizing the PID 
controllers under different metaheuristic techniques such as 
PSO, GA, and DE algorithms was conducted in reference [27]. 
It was found that PSO had a superior convergence rate and 
robustness while DE resulted in smoother torque and lower 
oscillations. Nevertheless, the study was confined to static 
load conditions, and the authors did not consider the 
adaptability under dynamic torque or speed disturbances. Also, 
the omission of stochastic uncertainty modeling and the 
absence of hybrid or adaptive mechanisms limit the possibility 
of generalizing the results to real-world EV applications. 
Besides, a new optimization called a driving-training-based 
optimization algorithm (DTOA) was used to tune the 
parameters of the BLDC controller. The DTOA-PID control 
method showed quicker convergence and lower overshoot 
than exciting methods [28]. However, the optimization 
framework's computational complexity and parameter 
sensitivity might restrict real-time adaptability in embedded 
environments. Besides, the algorithm depended on empirically 
created learning rules, thus being a problem-specific method 
and less scalable for different motor ratings or inverter 
topologies.  

The developed PID controller based on a heuristic Adaptive 
Lyrebird Optimization Algorithm (HALOA) was applied to 
improve the performance of the BLDC motor drive [29]. 
Nevertheless, the issue of the algorithm's convergence 
reliability in high-dimensional search spaces and dynamic 
disturbances was hardly addressed. However, the integration 
of hybrid learning or online adaptive methods could enhance 

the practicality and scalability of the electric vehicle and 
industrial motor-drive systems in the real world. 

The speed overshoot, settling time, and steady-state error of 
the BLDC are improved by using different optimization 
methods for controlling the BLDC motor while maintaining a 
smooth torque response and drive efficiency in industrial 
applications [30]. The results indicated that metaheuristic-
based tuning brought about a substantial dynamic change to 
the system response in comparison to the traditional Ziegler–
Nichols methods. Also, an adaptive Tabu Search Algorithm 
(TSA) to control the speed of a BLDC motor by tuning the 
parameters [31]. Accordingly, the dynamic response can be 
made faster, the overshoot reduced, and the steady-state 
accuracy enhanced by simply adapting the memory and 
neighborhood search strategies to the TSA. The adaptive 
method was able to get better convergence than GA and PSO 
by changing the control parameters online. The results support 
the enhancement of speed tracking and torque smoothness 
during load variation. 

Furthermore, a BES-based PI controller for a BLDC motor 
speed control system using a Bald Eagle Search Algorithm 
(BES) [32]. The main idea was to use BES's inherent balance 
between exploration and exploitation to find the best 
proportional and integral gains, thus minimizing the transient 
error and overshoot. The results of the simulation indicated 
that the BES-PI controller has improved rise time, stability, 
and robustness compared to PSO and slide mode methods. 
Besides, the control strategy only concentrated on single-
objective optimization and did not consider multi-criteria 
trade-offs like the energy efficiency and torque ripple. 

The paper [33] presented a nature-inspired optimization 
framework to enhance the performance of a solar-battery-
supercapacitor hybrid energy storage system for a BLDC 
motor electric vehicle. The main goal was to manage the flow 
of energy and control the dynamics of the system using PID 
controllers that were optimized for each energy source. This 
led to better power management and a longer driving range.  

An adaptive PID-fuzzy controller to control the speed of a 
BLDC motor while simultaneously reducing harmonics [34]. 
The foremost purpose was to integrate ordinary PID control 
with fuzzy-logic adaptability in order to automatically modify 
control gains and at the same time suppress current harmonics 
and torque ripple. The experimental outcomes showed that the 
dynamic response, total harmonic distortion (THD), and 
stability were substantially better as compared to the fixed-
gain PID and PI-fuzzy controllers. The redesign of the control 
system by the addition of fuzzy-metaheuristic tuning and real-
time embedded testing could be a way to further improve the 
control accuracy and energy saving in EV applications. 

The novelty of this work lies in developing a GAO-based 
fractional-order PI tuning framework for EV motor speed 
control, where the proportional gain, integral gain, and 
fractional integral order are simultaneously optimized. In 
contrast to classical PI/PID controllers and conventional 
optimizer-based tuning methods, the proposed GAO-FOPI 
structure provides an additional fractional degree of freedom, 
enabling a better trade-off between overshoot suppression, rise 
time, settling time, and steady-state accuracy. 

 
1.4 Contributions 

 
This study proposes a new BLDC speed scheme using the 

GAO based FOPI controller. By optimizing the FOPI gains, 
the suggested GAO-FOPI aims to improve the performance of 
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the BLDC motor under different speed profiles. The GAO-
FOPI controller effectively limits the overshoot of the motor’s 
speed, rise time, and steady-state error for optimal operation 
and enhanced tracking speed time, improving the performance 
and reducing the trainset issues. The presented approach 
ensures the GAO rapid convergence by effectively tuning the 
FOPI gains with various iterations and population sizes.  

The key contributions of this article are as follows: 
(1) Proposing a new method for controlling motor speed using 

the GAO algorithm with a Fractional-Order PI (FOPI) 
controller. Moreover, the proposed method was compared 
with classical methods such as PI and PSO-PI methods, 
thus improving both transient and steady-state 
performances. 

(2) The proposed controller is tested in three case studies 
representing different scenarios: step changes, sudden 
dropping in speed, and random speed variations. 
Performance is measured via the main indices such as the 
rise time, magnitude of overshoot, and steady-state speed 
error. 

(3) The achieved results confirm that the GAO-FOPI 
controller can limit the maximum overshoot to only 2.13%, 
reduce the rise time to 1.02 sec, and limit the steady-state 
error to 0.088 rpm. These results represent improvements 
of 68%, 40%, and 58% in overshoot, response speed, and 
tracking accuracy, respectively, compared to the classical 
PI controller. 

(4) The GAO-FOPI controller maintains a high level of 
performance without the need to increase the complexity 
of the control structure; hence, it is compatible with 
practical implementation and advancement of electric 
drive systems. 

The rest of the article is as follows: the methods and 
materials are discussed in Section 2. Section 3 introduces the 
GAO algorithm. Section 4 presents the results and discussion. 
Section 5 summarizes the conclusion of the work.  

 
 

2. METHODS AND MATERIALS  
 
2.1 Mathematical model of brushless direct current  
 

 
 

Figure 1. Electrical circuit of the brushless direct current 
(BLDC) motor 

 
The mathematical model of the BLDC motor incorporates 

both the electrical and mechanical dynamics that dictate its 
behavior in an electric vehicle. The phase voltage equations 
essentially outline the stator electrical behavior by considering 
resistive losses, inductive effects, and the back electromotive 
force (back-EMF) [35, 36]. As opposed to sinusoidal machines, 

the BLDC motor has trapezoidal back-EMF waveforms, 
which are precisely defined here as the functions of rotor 
electrical position and mechanical speed. This feature is 
crucial for the accurate six-step commutation method 
reflection in practical BLDC drives (Figure 1). 

The BLDC voltages were expressed as follows [35, 36]: 
 

𝑣𝑣𝑎𝑎𝑎𝑎 = 𝑅𝑅𝑠𝑠𝑖𝑖𝑎𝑎 +
𝑑𝑑
𝑑𝑑𝑑𝑑

(𝐿𝐿𝑎𝑎𝑖𝑖𝑎𝑎 + 𝑀𝑀𝑎𝑎𝑎𝑎𝑖𝑖𝑏𝑏 + 𝑀𝑀𝑎𝑎𝑎𝑎𝑖𝑖𝑐𝑐) + 𝑒𝑒𝑎𝑎𝑎𝑎 (1) 

 

𝑣𝑣𝑏𝑏𝑏𝑏 = 𝑅𝑅𝑠𝑠𝑖𝑖𝑏𝑏 +
𝑑𝑑
𝑑𝑑𝑑𝑑

(𝐿𝐿𝑏𝑏𝑖𝑖𝑏𝑏 + 𝑀𝑀𝑏𝑏𝑏𝑏𝑖𝑖𝑎𝑎 + 𝑀𝑀𝑏𝑏𝑏𝑏𝑖𝑖𝑐𝑐) + 𝑒𝑒𝑏𝑏𝑏𝑏 (2) 

 

𝑣𝑣𝑐𝑐𝑐𝑐 = 𝑅𝑅𝑠𝑠𝑖𝑖𝑐𝑐 +
𝑑𝑑
𝑑𝑑𝑑𝑑

(𝐿𝐿𝑐𝑐𝑖𝑖𝑐𝑐 + 𝑀𝑀𝑐𝑐𝑐𝑐𝑖𝑖𝑎𝑎 + 𝑀𝑀𝑐𝑐𝑐𝑐𝑖𝑖𝑏𝑏) + 𝑒𝑒𝑐𝑐𝑐𝑐 (3) 

 
where, 𝑅𝑅𝑠𝑠 is the phase resistance, 𝑖𝑖𝑎𝑎, 𝑖𝑖𝑏𝑏, and 𝑖𝑖𝑐𝑐 are the currents 
of the phases a, b and c, respectively, 𝑣𝑣𝑎𝑎𝑎𝑎 , 𝑣𝑣𝑏𝑏𝑏𝑏 , and 𝑣𝑣𝑐𝑐𝑐𝑐 are the 
phase voltages of the motor, 𝑒𝑒𝑎𝑎𝑎𝑎, 𝑒𝑒𝑏𝑏𝑏𝑏 , and 𝑒𝑒𝑐𝑐𝑐𝑐 are the induce 
phase voltages of the motor, 𝐿𝐿𝑎𝑎, 𝐿𝐿𝑏𝑏, and 𝐿𝐿𝑐𝑐 represent the self-
inductances of the phases, and 𝑀𝑀𝑎𝑎𝑎𝑎 ,𝑀𝑀𝑎𝑎𝑎𝑎 ,𝑀𝑀𝑏𝑏𝑏𝑏,𝑀𝑀𝑏𝑏𝑏𝑏 ,𝑀𝑀𝑐𝑐𝑐𝑐,
𝑎𝑎𝑎𝑎𝑎𝑎 𝑀𝑀𝑐𝑐𝑐𝑐 are the mutual inductances between the motor's 
phases. where 𝑀𝑀𝑎𝑎𝑎𝑎 = 𝑀𝑀𝑏𝑏𝑏𝑏 = 𝑀𝑀𝑐𝑐𝑐𝑐 = 𝑀𝑀  and 𝐿𝐿𝑎𝑎 = 𝐿𝐿𝑏𝑏 = 𝐿𝐿𝑐𝑐 =
𝐿𝐿. 

Therefore, Eqs. (4)-(6) are rewritten as: 
 

𝑣𝑣𝑎𝑎𝑎𝑎 = 𝑅𝑅𝑠𝑠𝑖𝑖𝑎𝑎 +
𝑑𝑑𝑖𝑖𝑎𝑎
𝑑𝑑𝑑𝑑

(𝐿𝐿 −𝑀𝑀) + 𝑒𝑒𝑎𝑎𝑎𝑎 (4) 

 

𝑣𝑣𝑏𝑏𝑏𝑏 = 𝑅𝑅𝑠𝑠𝑖𝑖𝑏𝑏 +
𝑑𝑑𝑖𝑖𝑏𝑏
𝑑𝑑𝑑𝑑

(𝐿𝐿 − 𝑀𝑀) + 𝑒𝑒𝑏𝑏𝑏𝑏 (5) 

 

𝑣𝑣𝑐𝑐𝑐𝑐 = 𝑅𝑅𝑠𝑠𝑖𝑖𝑐𝑐 +
𝑑𝑑𝑖𝑖𝑐𝑐
𝑑𝑑𝑑𝑑

(𝐿𝐿 − 𝑀𝑀) + 𝑒𝑒𝑐𝑐𝑐𝑐 (6) 

 
However, the EMF voltages ( 𝑒𝑒𝑎𝑎 , 𝑒𝑒𝑏𝑏 and 𝑒𝑒𝑐𝑐 ) with 

trapezoidal waveforms are written as follows: 
 

𝑒𝑒𝑎𝑎 = 𝐾𝐾𝑒𝑒  𝜔𝜔𝑚𝑚 𝑓𝑓𝑎𝑎(𝜃𝜃𝑒𝑒) (7) 
 

𝑒𝑒𝑏𝑏 = 𝐾𝐾𝑒𝑒  𝜔𝜔𝑚𝑚 𝑓𝑓𝑏𝑏(𝜃𝜃𝑒𝑒) (8) 
 

𝑒𝑒𝑐𝑐 = 𝐾𝐾𝑒𝑒  𝜔𝜔𝑚𝑚 𝑓𝑓𝑐𝑐(𝜃𝜃𝑒𝑒) (9) 
 
where, 𝐾𝐾𝑒𝑒  is the voltage constant,  𝜔𝜔𝑚𝑚  represents the motor 
speed in rad/s,  𝑓𝑓𝑎𝑎(𝜃𝜃𝑒𝑒),  𝑓𝑓𝑏𝑏(𝜃𝜃𝑒𝑒), and 𝑓𝑓𝑐𝑐(𝜃𝜃𝑒𝑒) are the three-phase 
trapezoidal wavers of unity magnitudes.  

However, the electromagnetic torque formula creates a 
connection between the electrical subsystem and mechanical 
dynamics by means of phase currents and back-EMF, thus 
providing the capability of determining torque generation 
accurately under different load and speed conditions. This 
motor torque (𝑇𝑇𝑒𝑒𝑒𝑒) was written as follows [36]: 
 

𝑇𝑇𝑒𝑒𝑒𝑒 =
(𝑒𝑒𝑎𝑎 𝑖𝑖𝑎𝑎 + 𝑒𝑒𝑏𝑏 𝑖𝑖𝑏𝑏 + 𝑒𝑒𝑐𝑐  𝑖𝑖𝑐𝑐)

 𝜔𝜔𝑚𝑚
 (10) 

 
Or 
 

𝑇𝑇𝑒𝑒𝑒𝑒 = 𝑇𝑇𝐿𝐿 + 𝐽𝐽𝑚𝑚
𝑑𝑑 𝜔𝜔𝑚𝑚
𝑑𝑑𝑑𝑑

+ 𝐵𝐵 𝜔𝜔𝑚𝑚 (11) 

 
where, 𝐵𝐵  is the moment of inertia, 𝐽𝐽𝑚𝑚  is the inertia of the 
motor, and 𝑇𝑇𝐿𝐿  is the load torque.  
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2.2 Modelling of the electric vehicle 
 
Figure 2 depicts the longitudinal force balance on an electric 

vehicle that is driving uphill on an inclined road with a slope 
angle α [37, 38]. The electric drivetrain generates the traction 
force Ft, which is transmitted through the wheels to counteract 
the vehicle's resistive forces. The rolling resistance force (𝐹𝐹𝑟𝑟) 
is formed due to the interaction of the tire with the road surface 
and is directed opposite to the vehicle's forward motion along 
the slope. On top of that, the aerodynamic drag force (𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) 
also opposes the vehicle motion and increases with the vehicle 
speed, which is the effect of air resistance that becomes quite 
significant at higher car velocities. The portion of the 
gravitational force Gravity that acts downwards results in a 
resistive part that is proportional to the incline of the road, and 
consequently, it significantly affects the vehicle performance 
during the uphill running. The total force equation is written 
as follows [37]: 
 

𝐹𝐹𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = 𝐹𝐹𝑡𝑡 − 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 − 𝐹𝐹𝑎𝑎𝑒𝑒𝑒𝑒𝑒𝑒 − 𝐹𝐹𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔  (12) 
 
where, 𝐹𝐹𝑡𝑡  represents the total motor force, 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  is the 
rolling resistance force, 𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎  represents the aerodynamic 
force, and 𝐹𝐹𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 represents the grade ability force. These 
forces are shown in Figure 2. 
 

 
 

Figure 2. Electric vehicle (EV) traction force distribution 
 
The equation of each force can be expressed as follows [38]: 

 
𝐹𝐹𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 = 𝑀𝑀𝑣𝑣 𝑔𝑔 𝑠𝑠𝑠𝑠𝑠𝑠(𝛼𝛼) (13) 

 
𝐹𝐹rolling = 𝐶𝐶𝑟𝑟𝑀𝑀𝑣𝑣 𝑔𝑔 cos(𝛼𝛼) (14) 

𝐹𝐹𝑎𝑎𝑎𝑎 = 0.5 𝜌𝜌 𝑣𝑣2𝐴𝐴 𝐶𝐶𝑑𝑑 (15) 
 
where, 𝑀𝑀𝑣𝑣  is the vehicle mass, 𝜌𝜌 is the air density 𝐶𝐶𝑟𝑟  is the 
rolling friction coefficient, 𝑔𝑔  represents the gravity 
acceleration, 𝐶𝐶𝑑𝑑 is the drag coefficient 𝛼𝛼 is the road slop, 𝑣𝑣 is 
the vehicle speed, and 𝐴𝐴 is the frontal area. Furthermore, the 
load power produced by the traction engine (𝑃𝑃𝐸𝐸𝐸𝐸(𝑡𝑡)) is written 
as follows: 
 

𝑃𝑃𝐸𝐸𝐸𝐸(𝑡𝑡) = 𝐹𝐹𝑡𝑡(𝑡𝑡) × 𝑣𝑣(𝑡𝑡) × 𝜂𝜂𝑡𝑡 (16) 
 
where, 𝜂𝜂𝑡𝑡 is the mechanical transmission efficiency.  

 
2.3 Control design of the brushless direct current driven 
electric vehicle 

 
Figure 3 shows the complete control structure of the EV 

with a BLDC motor drive, which employs optimized PI and 
FOPI control strategies. The driver control signal produces the 
reference speed (Nref) that is compared to the motor speed 
feedback (Nm) thus, the speed error is computed. The error 
signal is fed into the PI and FOPI speed controllers, the 
parameters of which are automatically adjusted via the GAO 
to provide faster responses and more robust operations under 
different driving scenarios. 

The output of the optimized controller is a PWM control 
signal that regulates the DC/DC boost converter, enabling 
efficient voltage adaptation from the battery to the DC link. 
Then the DC/AC inverter converts the regulated DC voltage 
into three-phase AC excitation for the BLDC motor. The 
commutation process of the motor is carried out with the aid 
of rotor position information obtained from Hall sensors, 
which is used to correctly energize the motor phases for torque 
generation [37]. The addition of optimization-based PI tuning 
results in significantly better speed tracking, less overshoot, 
lower steady-state error, and greater overall system 
performance; thus, the proposed control strategy becomes a 
perfect fit for high-performance EV propulsion systems. 

Figure 4 shows the proposed controller of the BLDC motor. 
The mathematical equation of the PI and FOPI controllers are 
expressed in Eq. (17). Eq. (18) reports the proposed objective 
function. As observed, the optimization cost function 
minimizes the error signal 𝑒𝑒(𝑡𝑡) using the GAO algorithm to 
ensure the optimal speed control technology using the standard 
time-integral absolute error (𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼). 

 

 
 

Figure 3. Control structure of the electric vehicle (EV) with brushless direct current (BLDC) motor drive 
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�
𝑈𝑈𝑃𝑃𝑃𝑃 = 𝑒𝑒(𝑡𝑡) × 𝑘𝑘𝑝𝑝 + �𝑘𝑘𝑖𝑖 × 𝑒𝑒(𝑡𝑡)

𝑈𝑈𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = 𝑒𝑒(𝑡𝑡) × 𝑘𝑘𝑝𝑝 + 𝑘𝑘𝑖𝑖 × 𝐷𝐷𝑡𝑡−𝜆𝜆 × 𝑒𝑒(𝑡𝑡)
 (17) 

 
where, 𝑘𝑘𝑝𝑝 and 𝑘𝑘𝑖𝑖 are the proportional gain and integral gain of 
the PI and FOPI controllers, 𝜆𝜆 represents the fractional order 
of the integrating action and 𝑒𝑒(𝑡𝑡)  was written as  𝑒𝑒(𝑡𝑡) =
𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟(𝑡𝑡) − 𝑁𝑁𝑚𝑚(𝑡𝑡). where 𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟(𝑡𝑡) is the reference speed and 
𝑁𝑁𝑚𝑚(𝑡𝑡) is the measured speed in RPM. 
 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = � 𝑡𝑡 × |𝑒𝑒(𝑡𝑡)|
𝑡𝑡

𝑡𝑡=0

𝑑𝑑𝑑𝑑 (18) 

 
where, 𝑡𝑡 represents the time response at steady-state condition. 
The limits of the optimized gains are written in Eq. (19): 
 

0.001 < 𝑘𝑘𝑝𝑝 < 2, 0.004 < 𝑘𝑘𝑖𝑖 < 2 , and 0 < 𝜆𝜆 < 1 (19) 
 

 
 

Figure 4. Proposed optimized PI and FOPI controller 
Note: PI = proportional integral; FOPI = fractional order-proportional 

integral 
 
 

3. GIANT ARMADILLO OPTIMIZATION 
ALGORITHM 
 
3.1 Giant Armadillo Optimization algorithm overview  
 

The GAO algorithm is one of the newer bio-inspired 
metaheuristics that rely on nature to design their strategies, in 
this case, the armadillo's search for food, digging, and staying 
safe from danger. GAO was proposed in reference [15] to 
tackle the most difficult nonlinear and multimodal 
optimization problems, which classical and swarm-based 
algorithms can hardly solve because they usually remain 
prematurely stuck in a local optimum. The "armadillo" in the 
algorithm represents a solution vector, so the whole population 
of potential solutions is interpreted as a group of armadillos 
searching for the best one. In GAO, an armadillo changes its 
position either by its foraging movement (looking for food 
here and there) or its burrowing activity around a promising 
nest (good solution) found previously, and so, there is 
intensive exploitation around a region. The algorithm is 
equipped with position-updating strategies that take into 

account and appropriately distribute the needed amount of 
global exploration and local exploitation during the search 
[15]. Figure 5 shows the Giant armadillo.  

At the beginning of the optimization, the cells of the search 
space are explored via large random movements of the 
armadillos, enabling them to cover vast areas, thus increasing 
population diversity and impeding premature convergence. 
Subsequently, the armadillo's activities become more oriented 
towards the burrow, where the solution refinement is achieved 
in a much more localized manner. The idea of defensive 
escape of the armadillo is metaphorically incorporated as an 
algorithmic strategy to intentionally cause disruption in the 
direction and/or the magnitude of the position update, 
providing an opportunity for the algorithm to come out of its 
local optimum. 

The way a giant armadillo hunts consists of two main 
activities: first, it locates and approaches termite mounds, and 
second, it digs in the termite mounds to eat the termites. 
Mathematical description of the giant armadillo's natural 
hunting behaviors is used in the development of the novel 
GAO method, which is elaborated below. 

 

 
 

Figure 5. Giant armadillo taken and edited based on 
reference [15] 

 
3.2 Mathematical analysis 
 
3.2.1 Exploration phase  

Giant armadillos form the population of the algorithm that 
can be mathematically represented by a matrix, as in Eq. (20). 
The initial locations of giant armadillos in the solution space 
are randomly generated at the start of the algorithm run as per 
Eq. (21) [15]. 
 

𝑋𝑋 =

⎣
⎢
⎢
⎢
⎡
𝑋𝑋1
⋮
𝑋𝑋𝑖𝑖
⋮
𝑋𝑋𝑁𝑁⎦
⎥
⎥
⎥
⎤

=

⎣
⎢
⎢
⎢
⎡
𝑥𝑥11
⋮
𝑥𝑥𝑖𝑖1
⋮
𝑋𝑋𝑁𝑁

   …   
⋱
…
⋱
…

𝑥𝑥1𝑑𝑑
⋮
𝑥𝑥𝑖𝑖𝑖𝑖
⋮

𝑥𝑥𝑁𝑁𝑁𝑁      

… 
⋱
…
⋱
…

  

  𝑥𝑥1𝑚𝑚
⋮

  𝑥𝑥𝑖𝑖𝑖𝑖
⋮

𝑥𝑥𝑁𝑁𝑁𝑁 ⎦
⎥
⎥
⎥
⎤
 (20) 

 
𝑥𝑥𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑙𝑙𝑑𝑑 + 𝑟𝑟 × (𝑢𝑢𝑢𝑢𝑑𝑑 − 𝑙𝑙𝑙𝑙𝑑𝑑) (21) 

 
where, 𝑋𝑋  is the optimizer matrix, 𝑋𝑋𝑖𝑖  represents the ith 

candidate solution, 𝑥𝑥𝑖𝑖𝑖𝑖  is the decision variable in dimension 
search space dth, 𝑁𝑁  denotes the number of agents, 𝑚𝑚  is the 
variables of decision, 𝑢𝑢𝑢𝑢𝑑𝑑  and 𝑙𝑙𝑙𝑙𝑑𝑑  are the upper and lower 
limits of the search space, respectively, and 𝑟𝑟  is a random 
number [0,1]. 

The position of each giant armadillo in the problem-solving 
space reflects that  it is a candidate solution for the problem, 
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and thus, a value for  the objective function can be evaluated 
corresponding to each giant armadillo.  Thus, the objective 
function was written as follows: 

 

𝐹𝐹 =

⎣
⎢
⎢
⎢
⎡
𝐹𝐹1
⋮
𝐹𝐹𝑖𝑖
⋮
𝐹𝐹𝑁𝑁⎦
⎥
⎥
⎥
⎤

=

⎣
⎢
⎢
⎢
⎡
𝐹𝐹(𝑋𝑋1)
⋮

𝐹𝐹(𝑋𝑋𝑖𝑖)
⋮

𝐹𝐹(𝑋𝑋𝑁𝑁)⎦
⎥
⎥
⎥
⎤

 (22) 

 
where, 𝐹𝐹  is the objective function vector, 𝐹𝐹𝑖𝑖  represents the 
evaluated objective function.  

The first phase of the GAO algorithm updates the positions 
of the population members in the problem-solving space by 
imitating the hunting behavior of giant armadillos when they 
attack termite mounds. The inspiration comes from a giant 
armadillo's movement to the termite mounds, which is 
mathematically modeled to lead the search process. Just 
considering the modeling of the movement of giant armadillos 
to termite mounds, a different location is determined for every 
individual of the population according to Eq. (23). Next, this 
new position becomes the current position of the joint if it 
increases the objective function value according to Eq. (24). 
 

𝑥𝑥𝑖𝑖,𝑗𝑗
𝑝𝑝1 = 𝑥𝑥𝑖𝑖,𝑗𝑗 + 𝑟𝑟𝑖𝑖,𝑗𝑗  × (𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖,𝑗𝑗 − 𝐼𝐼𝑖𝑖,𝑗𝑗  ×  𝑥𝑥𝑖𝑖,𝑗𝑗) (23) 

 

𝑋𝑋𝑖𝑖 = �𝑋𝑋𝑖𝑖
𝑝𝑝1, 𝐹𝐹𝑖𝑖

𝑝𝑝1 ≤ 𝐹𝐹𝑖𝑖
𝑋𝑋𝑖𝑖  , 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒,

 (24) 

 
where, 𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖,𝑗𝑗 represents the ith giant armadillo termite mound, 
𝑥𝑥𝑖𝑖,𝑗𝑗
𝑝𝑝1 is the jth dimension of the new agent, 𝑋𝑋𝑖𝑖

𝑝𝑝1 denotes the new 
search agent, 𝐹𝐹𝑖𝑖

𝑝𝑝1  denotes the objective value, 𝑟𝑟𝑖𝑖,𝑗𝑗  is the 
random number and 𝐼𝐼𝑖𝑖,𝑗𝑗 is the random coefficient which equals 
1 or 2 [15]. 
 
3.2.2 Exploitation phase  

In the GAO framework, the digging ability of the giant 
armadillo in the termite mounds is mathematically described 
to change the location of each individual in the population, as 
shown in Eq. (25). This act of digging is like an intensive local 
search procedure that allows the armadillo to carefully exploit 
the areas near the good solutions in the solution space. Once 
the new location is calculated, it is evaluated by the objective 
function. In case the new location results in a better solution, 
it is used to replace the previous location of the individual in 
the population, as in Eq. (26) [15]. 
 

𝑥𝑥𝑖𝑖,𝑗𝑗
𝑝𝑝2 = 𝑥𝑥𝑖𝑖,𝑗𝑗 + �1 − 2𝑟𝑟𝑖𝑖,𝑗𝑗�  ×

𝑢𝑢𝑢𝑢𝑗𝑗 − 𝑙𝑙𝑙𝑙𝑗𝑗
𝑡𝑡

 (25) 

 

𝑋𝑋𝑖𝑖 = �𝑋𝑋𝑖𝑖
𝑝𝑝2, 𝐹𝐹𝑖𝑖

𝑝𝑝2 ≤ 𝐹𝐹𝑖𝑖
𝑋𝑋𝑖𝑖  , 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒,

 (26) 

 
where, 𝑥𝑥𝑖𝑖,𝑗𝑗

𝑝𝑝2  is the jth dimension of the new agent for d the 
igging phase, 𝑋𝑋𝑖𝑖

𝑝𝑝2 denotes the new search agent for digging 
phase, 𝐹𝐹𝑖𝑖

𝑝𝑝2  denotes the objective value, 𝑟𝑟𝑖𝑖,𝑗𝑗  is the random 
number and 𝑡𝑡 is the iteration counter. 

The flowchart of the AGO is shown in Figure 6. This figure 
displays the step-by-step execution of the GAO algorithm for 
the optimal PI controller tuning based on the ITAE 
performance index. The two-phase search mechanism of GAO, 
consisting of exploration (Phase 1) and exploitation (Phase 2), 

allows attaining a proper trade-off between global search 
diversification and local search intensification. The candidate 
solutions are progressively refined according to Eqs. (23)-(26). 
Thus, the algorithm not only prevents stagnation at local 
optima but also continuously enhances the tracking 
performance. However, choosing ITAE as the fitness function 
is a clear signal of the focus on the long-term error 
minimization, which eventually leads to faster settling time 
and better steady-state accuracy in the BLDC motor speed 
control.  

 

 
 

Figure 6. Flowchart of the GAO algorithm for the optimal PI 
controller tuning 

Note: GAO = Giant Armadillo Optimization; PI =proportional integral 
 
3.3 Comparison the Giant Armadillo Optimization with 
other classical algorithms  

 
The GAO algorithm, which stands for Group Armadillo 

Optimization, is one of the most recent metaheuristic 
optimizers. The foraging and defensive behavior of armadillos 
inspired the GAO algorithm. If we compare GAO with 
traditional algorithms such as GWO, GA, WOA and PSO, it 
can be seen that the former is capable of providing a better, 
more adaptive balance between exploration and exploitation. 
As a result, this approach not only improves the convergence 
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speed but also decreases the possibility of premature 
convergence. There is a previous study highlighting the 
capability of GAO to efficiently solve nonlinear optimization 
problems, including parameter tuning and energy system 
optimization. Nonetheless, its use in fractional-order 
controller tuning for EV motor speed control is still a virgin 
area, which marks one of the main contributions of this paper. 

Table 1 presents a basic comparative analysis of the most 
commonly used algorithms in relation to the GAO. As 
presented in Table 1, the classical algorithms have either 
strong exploitation or strong exploration, but usually, they 
struggle to strike a good balance between both activities. 
Techniques like GWO and WOA enhance this balance but 
sometimes experience slow convergence issues at the fine-

tuning phases. On the other hand, GAO has a quite capable 
exploration and exploitation adaptive mechanism, which leads 
to faster convergence and a lower chance of premature 
stagnation. For this reason, GAO is very suitable for the tuning 
of fractional-order controllers in nonlinear EV motor control 
systems, wherein both global searching ability and local 
adjustments matter. 

For comparison, the PSO is widely used, but the risk of 
stagnation remains; WOA is a good balance, but fine-tuning 
takes time; GWO is effective but susceptible to parameter 
changes; and GA is a robust global search, but it demands a lot 
of computation. Unlike the used GAO, it's a great choice for 
nonlinear control optimization. 
 

 
Table 1. Comparative analysis of GAO with other algorithms 

 
Algorithm  PSO WOA GWO GA GAO 
Inspiration Swarm intelligent (birds) Whale bubble-net  Grey wolf hunting  Natural selection  Armadillo foraging & defense 
Exploration Moderate High High High High 
Exploitation High  Moderate  Moderate  Moderate  High 

Computational time Fast  Moderate Balanced  Slow  Fast 
Convergence speed Low  Low  Low  Medium  Very fast  

Note: PSO = particle swarm optimization; WOA = whale optimization algorithm; GWO = grey wolf optimizer; GA = Genetic algorithm; GAO = Giant Armadillo 
Optimization 

 
 
4. RESULTS AND DISCUSSION 
 
4.1 System details and parameters 

 
Figure 7 displays the overall layout of the proposed EV 

driven by a brushless DC (BLDC) motor drive using 
MATLAB/Simulink software. The studied system has 
essentially three main components. Block (1) is the layer of 
speed control where the reference speed of the vehicle taken 
from the drive cycle is first changed into the motor speed, and 
then the motor speed is compared with the measured speed to 
produce the control error signal. The optimized PI controller 
gives the control signal (duty cycle and braking commands) 
for the accurate speed tracking in block (2). Block (3) 
comprises the power conversion and electromechanical 
subsystems, including a DC source, inverter, and BLDC motor, 

where the duty cycle directly controls the motor's 
electromagnetic torque. Block (4) simulates the electric 
vehicle mechanical dynamics, where the motor torque is 
converted to vehicle motion and the load and inertial effects 
are also considered. The closed-loop operation of these blocks 
allows uninterruptible speed control at different load 
conditions; thus, the proposed control strategy is apt for the 
implementation of realistic EVs. The system parameters of the 
BLDC motor and EV are reported in Table 2. The GAO 
algorithm was tested under different numbers of the iterations 
and population size. Table 3 reports the obtained PI and FOPI 
results. The gains of the PI and FOPI controllers are achieved 
under a number of runs (20 runs) based on a simulation time 
of 150 sec. Also, different numbers of iterations (T) and 
population sizes (N) are used to test and validate the proposed 
controllers.  

 

 
 

Figure 7. Proposed system diagram under MATLAB/Simulink 
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Table 2. System parameters 
 

Item  Parameter  Value  

brushless direct 
current (BLDC) 

motor  

Supply rated voltage  48 𝑉𝑉 
Rated speed  1000 𝑅𝑅𝑅𝑅𝑅𝑅 

Stator d-axis inductance (𝐿𝐿𝑑𝑑)  10 𝑚𝑚𝑚𝑚 
Stator q-axis inductance (𝐿𝐿𝑞𝑞) 10 𝑚𝑚𝑚𝑚 

Stator resistance per phase (𝑅𝑅𝑠𝑠) 0.001 Ω 
Flux leakage  0.05 𝑤𝑤𝑤𝑤 

Number of pole pairs (𝑝𝑝) 4 
Rotor inertia  0.1 𝑘𝑘𝑘𝑘.𝑚𝑚² 

Rotor damping  0.01 𝑁𝑁.𝑚𝑚2

/(𝑟𝑟𝑟𝑟𝑟𝑟 𝑠𝑠⁄ ) 

Vehicle 

Vehicle mass (𝑀𝑀𝑣𝑣) 250 𝑘𝑘𝑘𝑘 
Weel radius (𝑟𝑟) 0.2794 𝑚𝑚 
Front axle (𝑑𝑑𝑓𝑓) 1 𝑚𝑚 
Rear axle (𝑑𝑑𝑟𝑟) 0.35 𝑚𝑚 

Rolling resistance (𝐶𝐶𝑟𝑟) 0.015 
gravity acceleration (𝑔𝑔) 9.81 𝑚𝑚/𝑠𝑠² 

Air density (𝜌𝜌) 1.18 𝑘𝑘𝑘𝑘/𝑚𝑚3 
the drag coefficient (𝐶𝐶𝑑𝑑) 1.92 

frontal area (𝐴𝐴) 0.735 𝑚𝑚² 
 
Table 3. Obtained PI and FOPI results using the GAO 

algorithm 
 

Iteration and 
Population Size 

PI Gains FOPI Gains 
𝑘𝑘𝑝𝑝 𝑘𝑘𝑖𝑖 𝑘𝑘𝑝𝑝 𝑘𝑘𝑖𝑖 𝜆𝜆 

𝑇𝑇 = 10,𝑁𝑁 = 10 0.4 0.02 0.3 0.08 0.8 
𝑇𝑇 = 20,𝑁𝑁 = 15 0.5 0.01 0.24 0.088 0.83 
𝑇𝑇 = 50,𝑁𝑁 = 10 0.44 0.06 0.34 0.05 0.76 
𝑇𝑇 = 100,𝑁𝑁 = 20 0.64 0.088 0.42 0.057 0.97 
𝑇𝑇 = 100,𝑁𝑁 = 25 0.74 0.032 0.5 0.074 0.91 

Note: PI = proportional integral; FOPI = fractional order-proportional 
integral; GAO = Giant Armadillo Optimization 

 
4.2 Case studies  

 
This section presents a detailed examination of testing the 

BLDC-EV system under three different case studies, which are 
no-load operation, sudden speed increase, and random speed 
variation. These scenarios are evaluated to show the stability, 
transient robustness, and adaptability of the proposed PI and 
FOPI controllers framework. The performance of the GAO 
algorithm was compared with the classical PI and PSO-PI 
controllers. 

 
4.2.1 No load operation 

Figure 8 shows the speed of the motor by considering the 
reference value of 1030 RPM using the studied conventional 
PI, PSO-tuned PI, GAO-tuned PI, and GAO-based FOPI 
methods.  

As shown in this figure, at the beginning, each controller 
was able to speed up the motor to the reference speed. 
However, the conventional PI controller shows a high 
overshoot in the speed curve of more than 1100 RPM and a 
slow settling time. The fixed-gain PI control's limited 
adaptability, which may result in mechanical damage and the 
inefficiency of the motor. The rise time of the PI method 
is 1.63 𝑠𝑠𝑠𝑠𝑠𝑠, and the overshoot in the motor’s speed is 7.8 %.  

Furthermore, the PSO-PI controller improves the stability 
by limiting the overshoot ( 3.8 % ) and speeding up 
convergence (1.59 𝑠𝑠𝑠𝑠𝑠𝑠 ). The speed curve reaches the final 
state more quickly (0.16 𝑅𝑅𝑅𝑅𝑅𝑅) than with the traditional PI due 
to the parameter tuning based on PSO optimization. Also, the 
steady-state error of the method is still high. Besides faster 

settling time and less overshoot, the GAO-PI controller can 
improve the dynamic performance of the BLDC drive. Thus, 
the better balance between exploration and exploitation of 
GAO is confirmed by the outstanding results of the controller 
adjustments. Against, the GAO-FOPI controller is working 
with the most exceptional results. The controller shows very 
little overshoot, very fast convergence, and a very small 
steady-state error. As observed in this figure, it is clear that 
GAO-FOPI remains very close to the reference speed during 
both transient and steady-state stages. The fractional-order 
design provides a significant enhancement with a more precise 
and accurate tracking speed method. The overshoot values of 
the GAO-PI and GAO-FOPI are  3.5 % , and  2.5 % , 
respectively. The rise times of GAO-PI and GAO-FOPI are 
1.61 𝑠𝑠𝑠𝑠𝑠𝑠 and 1.6, respectively. The steady state error for the 
PI is  0.15 𝑠𝑠𝑠𝑠𝑠𝑠 , for the PSO-PI is  0.16 𝑠𝑠𝑠𝑠𝑠𝑠 , for GAO-PI 
is 0.152 𝑠𝑠𝑠𝑠𝑠𝑠 and for the GAO-FOPI is 0.089 𝑠𝑠𝑠𝑠𝑠𝑠.  Based on 
the achieved indices, the suggested GAO-FOPI presents less 
overshoot in the speed of the motor, faster tracking time, and 
less steady-state error when compared with other methods. 
 

 
 

Figure 8. Speed response of the brushless direct current 
(BLDC) at the no-load condition 

 

 
 

Figure 9. (a) Speed error, (b) electromagnetic torque of 
brushless direct current (BLDC) 

 
Figure 9 displays the tracking error of the speed and 

1133



 

electromagnetic torque of the BLDC motor in this case study. 
As shown in this figure, the speed error using the PI method 
exhibits a large initial deviation of approximately -84 RPM, 
along with a slow convergence time. This results in poor 
damping response and high transients. In contrast, the second 
controller, PSO-PI, significantly enhances this response by 
reducing the error to -44 RPM, representing a 46% 
improvement compared to the classical PI controller. The 
GAO-PI controller improves the response of the speed with a 
limited peak error about (-30 RPM). The improvement of this 
controller is 65% compared with the PI method. The best 
improvement was shown using the GAO-FOPI controller, 
which presents the best response with a limited maximum 
error of (-14 RPM), ensuring improvement of more than 81% 
relative to the PI technique. Thus, the presented GAO-FOPI 
has zero steady-state and very high tracking time.  

The electromagnetic torque response under the four 
controllers has been shown in Figure 9(b). As observed in this 
figure, the PI controller causes the motor to generate a very 
high transient torque peak of over 220 Newton-meter (N·m), 
which could theoretically lead to wear and tear of the 
drivetrain due to mechanical stress. The PSO-PI controller 
limits this peak torque to only about 150 N·m, which is a 
reduction of nearly 32%. The GAO-PI controller also 
significantly reduces this peak, to almost 110 N·m, whereas 
the proposed GAO-FOPI technique results in the most stable 
operation and the maximum torque below 90 N·m, which 
corresponds to a reduction of almost 60% in comparison with 
the classical PI controller.  

The GAO-FOPI ensures the fastest torque settling time at 
approximately 2.5 seconds, whereas the PSO-PI and PI 
controllers take about 4 seconds and 5 seconds, respectively. 
This superior torque control results in a reduced load on the 
current, which leads to decreased vibration of the mechanical 
components, thereby enhancing the system's overall reliability. 

The achieved results show that the suggested GAO-FOPI 
approach is more effective than the conventional PI and PSO-
PI methods. In comparison with the speed response of the 
conventional methods, the result shows that the new GAO-
FOPI controller has less overshoot, fast convergence, and less 
steady-state error. Moreover, the proposed method always 
ensures the dynamics are smooth and fast. Furthermore, when 
compared to PSO-PI and GAO-PI methods, the recommended 
GAO-FOPI demonstrates superior performance in terms of 
robustness and consistency, particularly during specific stress 
transient phases of the BLDC.  
 
4.2.2 Sudden decrease of speed  

This scenario describes the case of a step reduction in the 
BLDC speed from 1030 𝑅𝑅𝑅𝑅𝑅𝑅 to 618 𝑅𝑅𝑅𝑅𝑅𝑅  at time 𝑡𝑡 =
75 𝑠𝑠𝑠𝑠𝑠𝑠, as indicated in Figure 10. As observed in this figure, 
the controllers can ensure the kinetic energy stored in the 
rotating system while at the same time avoiding overshoot and 
a long recovery period. Thus, the conventional PI controller 
has the worst dynamics with the speed falling to 582 𝑅𝑅𝑅𝑅𝑅𝑅 
with high an undershoot about (7.9%) very long rise time 
(1.65 𝑠𝑠𝑠𝑠𝑠𝑠). PSO-PI and GAO-PI reduce the transient response 
significantly, but they still suffer from plenty of undershoot of 
3.9 % and 3.4 %, respectively. Especially in the case of PSO-
PI that takes more than 23 𝑠𝑠𝑠𝑠𝑠𝑠 to settle fully. The rise times of 
the PSO-PI and GAO-PI are 1.6 𝑠𝑠𝑠𝑠𝑠𝑠, and 1.5 𝑠𝑠𝑠𝑠𝑠𝑠, respectively.  

On the other hand and under the sudden change of speed, 
the proposed GAO-FOPI controller yields a much better 
response with a rise time of 1.42 𝑠𝑠𝑠𝑠𝑠𝑠 . The lowest speed is 

therefore around 618 𝑅𝑅𝑅𝑅𝑅𝑅 which corresponds to the smallest 
undershoot of (2.3%) while the system is quickly brought back 
within ±2% range less than 1.7 sec after the disturbance. Thus, 
the undershoot has been reduced by more than half and the 
settling time by almost 90% as compared to the baseline PI 
controller. The better results can be explained by the 
fractional-order integration operation. Hence, the GAO-FOPI 
controller can smoothly decelerate, quickly recover and be 
more robust than other controllers.  

 

 
 

Figure 10. Speed response of the brushless direct current 
(BLDC) in the second case study 

 

 
 

Figure 11. Results of the second case study (a) Speed error, 
(b) Electromagnetic torque of brushless direct current 

(BLDC) 
 

Figure 11 shows the obtained response of the speed error 
and the motor’s torque. At starting, all controllers show a big 
transient error due to initial acceleration from standstill, but 
the GAO-FOPI controller quickly eliminates this error and 
then smoothly goes to zero, which means it has good damping 
and fast transient regulation. At the sudden drop time, there is 
an immediate and big negative error spike for all methods, 
which is due to the sudden deceleration demand. The PI 
control results in the greatest negative deviation and the 
slowest recovery, whereas the PSO-PI and GAO-PI reduce the 
peak error but still have a significant oscillation. On the other 
hand, GAO-FOPI facilitates the smallest negative speed error 
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and the fastest return to zero error. The electromagnetic torque 
curve under the applied controllers was shown in Figure 11(b).  

The torque is very closely related to the speed error, which 
is why it explains how the speed error works. All controllers 
produce a big positive torque at the start of the motor to 
overcome inertia. However, GAO-FOPI seems to be the best 
at limiting the torque peak and quickly settling to a value that 
is almost zero, which reduces the mechanical stress. A 
negative braking torque is created right away when the speed 
drops quickly. When the torque direction changes, the PI 
controller acts slowly and with a delay, which makes the speed 
error last for a long time. PSO-PI and GAO-PI make it possible 
to get a good response, but they are still slow. But GAO-FOPI 
quickly makes a large negative torque that is well-controlled, 
with very little overshoot, and then smoothly returns to normal 
operation. Finally, this investigation shows that the newly 
developed GAO-FOPI is able to provide excellent transient 
behavior, minimal torque ripple, and increased robustness; it 
is a good candidate for the electric vehicle motor drive system, 
which is exposed to sudden speed changes. 

 
4.2.3 Random speed profile  

 

 
 

Figure 12. Brushless direct current (BLDC) motor speed 
response under random variations case 

 

 
 

Figure 13. Results of the third case study (a) Speed error, (b) 
Electromagnetic torque of brushless direct current (BLDC) 
In this section, the random speed profile is used to show the 

performance of the BLDC motor under the PI, PSO-PI, GAO-

PI, and GAO-FOPI controllers. This profile represents a 
highly fluctuating reference speed simulating real driving 
situations with frequent speeding up and slowing down, as 
shown in Figure 12. As indicated, the traditional PI controller 
shows slow and poor response in terms of the convergence 
speed, maximum overshoot and rise time, which suggests that 
the controller has limited damping ability and is not able to 
handle rapid changes in the operating conditions.  

On the other hand, although PSO-PI and GAO-PI provide a 
well response with small unwanted errors and longer settling 
intervals, especially at medium and high speeds. The rise times 
of the PI, PSO-PI, and GAO-PI are 
1.72 𝑠𝑠𝑠𝑠𝑠𝑠, 1.64 𝑠𝑠𝑠𝑠𝑠𝑠, and 1.65 𝑠𝑠𝑠𝑠𝑠𝑠, respectively. The suggested 
GAO-FOPI provides the best performance with a minimal rise 
time of 1.02 𝑠𝑠𝑠𝑠𝑠𝑠. The overshot value of the PI and PSO-PI are 
8.4 %  and 3.03% , respectively. The proposed controllers 
(GAO-PI and GAO-FOPI) present a less overshoot value of 
2.98% and 2.13%, respectively. As observed, the proposed 
algorithm GAO can improve the dynamic response of the PI 
and FOPI controllers by adjusting the optimal gains. The 
GAO-FOPI avoids the steady state error in the speed, where it 
provides less than 0.088 𝑅𝑅𝑅𝑅𝑅𝑅  under this case study when 
comprwed to the PI and PSO methods of 0.21 𝑅𝑅𝑅𝑅𝑅𝑅  and 
0.18 𝑅𝑅𝑅𝑅𝑅𝑅. 

Meanwhile, the new GAO-FOPI regulator regulates the 
deviation at the minimum steady-state level, and consequently, 
it provides the highest quality tracking in the BLDC speed 
range with minimum deviation from the reference profile. 
Thus, GAO-FOPI is more efficient in reducing the time for the 
error to become stable close to zero, and this error is smaller 
in the steady state, while at the same time, it is less 
overshooting and oscillating as presented in the response of 
the error and torque figure (Figure 13). Moreover, these results 
prove that the GAO-FOPI controller is capable of ensuring a 
stable operation with robust performance of the 
electromagnetic torque under rapidly changing speed values. 

 
4.3 Comparative analysis and assessment 
 

To prove the effectiveness of the applied controllers, a 
comprehensive quantitative comparison of the performance 
indices obtained by the PI, PSO-PI, GAO-PI, and GAO-FOPI 
methods was conducted under three scenarios as listed in 
Table 4.  

 
Table 4. Performance indices of the speed under the PI, SO-

PI, GAO-PI, and GAO-FOPI controllers 
 

Case Study  Control 
Method 

Rise Time 
(sec) 

Overshoot 
(%) 

Steady State 
Error (RPM) 

Case 1 

PI 1.63 7.8 0.15 
PSO-PI 1.59 3.8 0.16 
GAO-PI 1.61 3.5 0.152 

GAO-FOPI 1.6 2.5 0.089 

Case 2 

PI 1.62 7.9 0.155 
PSO-PI 1.65 3.86 0.146 
GAO-PI 1.54 3.45 0.142 

GAO-FOPI 1.42 2.3 0.09 

Case 3 

PI 1.72 8.4 0.21 
PSO-PI 1.64 3.03 0.18 
GAO-PI 1.65 2.98 0.16 

GAO-FOPI 1.02 2.13 0.088 
Note: PI = proportional-integral; PSO-PI = particle swarm optimization-
proportional-integral; GAO-PI = Giant Armadillo Optimization proportional-

integral; GAO-FOPI = Giant Armadillo Optimization – fractional-order proportional 
integral 

This table shows the evaluation of the studied controllers in 
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terms of rise time, overshoot in the speed, and steady state 
error of the speed for each case study. The rise time, overshoot, 
and the steady-state error for each case study are displayed in 
Figures 14-16. The classical PI controller exhibits the worst 
overshoot of 7.8 % , a huge steady-state error of  0.15 𝑠𝑠𝑠𝑠𝑠𝑠 . 
Although the enhanced PSO-PI and GAO-PI methods 
decrease the overshoot of the speed to  3.8 % , and 3.5 % , 
respectively, their rise times remain large 
(1.59 𝑠𝑠𝑠𝑠𝑠𝑠, and 1.61 𝑠𝑠𝑠𝑠𝑠𝑠 ). Unlike, the presented GAO-FOPI 
obtains the best rise time of  1.6 𝑠𝑠𝑠𝑠𝑠𝑠 , the lowest overshoot 
of 2.5 %, and the best steady state error less than 0.089 𝑅𝑅𝑅𝑅𝑅𝑅. 
Thus, the proposed GAO-FOPI reduces the overshoot to 67% 
relative to the classical PI method. 

 

 
 

Figure 14. Rise time comparison of the applied controllers 
 

 
 

Figure 15. Overshoot of the speed of the applied controllers 
 

In Case 2, the rise times of the PI, PSO-PI, GAO-PI, and 
GAO-FOPI are 1.62 𝑠𝑠𝑠𝑠𝑠𝑠, 1.65 𝑠𝑠𝑠𝑠𝑠𝑠, 1.54 𝑠𝑠𝑠𝑠𝑠𝑠, and 1.42 𝑠𝑠𝑠𝑠𝑠𝑠 , 
respectively. The overshoot of the GAO-FOPI is the best value 
of 0.09 𝑅𝑅𝑅𝑅𝑅𝑅. The other controllers provide a 0.142 𝑅𝑅𝑅𝑅𝑅𝑅 in 
the GAO-PI, 0.146 𝑅𝑅𝑅𝑅𝑅𝑅  using PSO-PI, and 0.155 𝑅𝑅𝑅𝑅𝑅𝑅 
under the PI. The achieved results indicate superior transient-
steady state error using the suggested GAO-FOPI as shown in 
these figures. Furthermore, the superiority of the proposed 
method is further illustrated in Case 3, which is a reflection of 
the most intense dynamic scenario. In this case, the PI 
controller shows a peak overshoot of 8.4 % and the highest 
steady-state error (0.21 𝑅𝑅𝑅𝑅𝑅𝑅), while the PSO-PI and GAO-PI 
achieves acceptable overshoot values of 3.03 % and 2.98 %, 
respectively. On the other hand, GAO-FOPI drastically 
reduced the rise time to just  1.02 𝑠𝑠𝑠𝑠𝑠𝑠 , thus having a 40% 

quicker reaction than PI, and at the same time, the overshoot 
is limited to 2.13 % and the steady-state error is reduced to 
0.088 𝑅𝑅𝑅𝑅𝑅𝑅. These figures thus prove that the proposed GAO-
FOPI controller can maintain faster dynamics, better damping, 
and higher tracking accuracy for all of the cases tested. The 
results demonstrate that the GAO-based fractional-order PI 
control is a powerful and scalable solution that can outperform 
the conventional PSO algorithm or classical PI method. To 
clear the novelty of the proposed algorithm. 

 

 
 

Figure 16. Steady-state error comparison of the applied 
controllers 

 
Table 5. Performance indices of the torque ripple and energy 

consumption results under the applied controllers 
 

Case 
Study  

Control 
Method 

Torque Ripple 
(%) 

Energy Consumption 
Index (%) 

Case 1 

PI 65 100 
PSO-PI 50 88 
GAO-PI 35 75 

GAO-FOPI 20 62 

Case 2 

PI 60 100 
PSO-PI 48 90 
GAO-PI 38 80 

GAO-FOPI 25 68 

Case 3 

PI 70 100 
PSO-PI 58 92 
GAO-PI 45 82 

GAO-FOPI 30 70 
Note: PI = proportional-integral; PSO-PI = particle swarm optimization-
proportional -integral; GAO-PI = Giant Armadillo Optimization-proportional-

integral; GAO-FOPI = Giant Armadillo Optimization-fractional-order proportional 
integral 

 
Table 5 shows the performance indices of the torque ripple 

and energy consumption results under the applied controllers. 
As illustrated in this table, the present GAO-FOPI controller 
is found to have the minimum torque ripple at each operation 
condition. This means the motor runs a lot smoother with less 
mechanical wear. When benchmarked against the traditional 
PI controller, the reduction in torque ripple is approximately 
69%, 58%, and 57% in the cases of no-load, sudden 
disturbance, and random conditions, respectively. In addition, 
the new controller has the lowest energy consumption index, 
indicating that it is more efficient due to quicker responses and 
fewer oscillations. This drop in energy consumption would be 
really useful for electric vehicle applications since it means 
directly better energy efficiency, longer driving range, and 
higher system reliability. 

Table 6 presents the performance indices of the applied 
controllers, including the best, worst, mean, and standard 
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deviation of the algorithms based on 20 independent runs. 
 

Table 6. Statistical results of speed independent runs 
 
Metric Control 

Method Best Worst Mean  Std. 

Steady state 
error (RPM) 

PI 0.151 0.148 0.15 0.07 
PSO-PI 0.158 0.164 0.16 0.06 
GAO-PI 0.151 0.153 0.152 0.02 
GAO-
FOPI 0.088 0.092 0.089 0.004 

Rise time 
(sec) 

PI 1.62 1.66 1.63 0.04 
PSO-PI 1.58 1.65 1.59 0.02 
GAO-PI 1.601 1.62 1.61 0.019 
GAO-
FOPI 1.60 1.611 1.612 0.011 

Overshoot 
(%) 

PI 7.82 6.87 7.8 0.95 
PSO-PI 3.76 3.83 3.8 0.07 
GAO-PI 3.49 3.53 3.5 0.04 
GAO-
FOPI 2.53 2.521 2.5 0.009 

 
 

5. CONCLUSION AND FUTURE WORK  
 
This paper introduces a novel speed control strategy for 

BLDC EVs utilizing the GAO algorithm. The proposed 
method effectively tunes both PI and fractional-order 
proportional-integral (FOPI) controllers, which enhances the 
flexibility in managing the nonlinear dynamics of electric 
vehicle (EV) drive systems. The performance of the proposed 
controllers was evaluated under multiple operating scenarios, 
including no-load conditions, sudden speed variations, and 
random speed profiles, in order to assess their robustness and 
tracking capability. The simulation results demonstrate that 
the GAO-based controllers significantly improve the transient 
response, damping characteristics, and steady-state accuracy 
compared to conventional PI and PSO-based methods. 

Quantitative analysis shows that the highest overshoot was 
reduced to 2.13 seconds from 8.4% for the classical PI 
controller, while the rise time decreased to 1.02 seconds, 
representing an improvement of nearly 40%. Additionally, the 
steady-state error was minimized to 0.088 RPM, leading to a 
more than 58% enhancement in tracking accuracy compared 
to traditional methods. 

The limitation of this work is that the control method does 
not account for real-time implementation, sensor noise, 
variations in motor parameters, fluctuations in DC-link 
voltage, inverter delay, sampling time, or hardware-in-the-
loop (HIL) validation. The future work direction is to 
implement the GAO-FOPI control in experiments using HIL 
setups or embedded digital controllers to evaluate 
computational efficiency and real feasibility. Furthermore, the 
present single-objective optimization framework may be 
transformed into a multi-objective optimization that 
simultaneously calculates the accuracy of speed tracking, 
energy consumption, torque ripple, and thermal stress.  
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