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Abstract: The growing global demand for sustainable energy has elevated the importance of energy-efficient
electromechanical systems in applications such as electric vehicles (EVs), renewable energy conversion, and
industrial automation. These systems reduce carbon emissions and operational costs by optimizing power
use, aligning with UN Sustainable Development Goals and 2050 net-zero targets. However, traditional con-
trol methods like field-oriented control (FOC) and PID controllers struggle with nonlinear dynamics, pa-
rameter variations, and variable loads, resulting in suboptimal performance, higher energy losses, and re-
duced robustness. This paper addresses this gap by proposing an Al-assisted framework for designing and
controlling smart electromechanical devices, using permanent magnet synchronous motor (PMSM) drives
as a prototype. The approach integrates adaptive neural networks with reinforcement learning to enable
real-time optimization of dynamic response, robustness, and energy efficiency. The system was rigorously
simulated in MATLAB/Simulink using a d-q reference frame model under nominal, disturbed, and variable-
load conditions. Results show significant improvements: transient settling time reduced by 42-58%, over-
shoot by 60-67%, and energy consumption by 12-18%, achieved through minimized torque ripple and
losses. The framework also demonstrated superior disturbance rejection and parameter-variation stability.
These advances position the proposed solution as a transformative approach for sustainable applications,
enhancing efficiency in EV propulsion, renewable energy integration, and industrial automation, while pav-
ing the way for future hardware implementation and scalable Al-driven systems.

Keywords: Artificial intelligence; Electromechanical systems; Energy efficiency; Adaptive control; Rein-
forcement learning; Permanent magnet synchronous motor (PMSM); Sensors; Actuators; Electric vehicle.
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1. Introduction

The dynamical growth of intelligent technologies,
along with the trend of energy efficiency on the global
level had an immense impact on the evolution of the mod-
ern electromechanical devices. The basic building blocks
of industrial automation, renewable energy systems, and
transport technologies are electric motors, actuators, and
smart drives, which allow changing the motion and con-
verting the power to a minimum possible accuracy. Such
devices are essential in accordance to sustainable opera-
tions since they consume a huge amount of electricity in

the world which is approximated to be more than 40% in
the industrial sectors [1]. An ever-growing introduction of
variable renewable sources, changing loads, and dynamic
operation conditions, however, requires systems that can
ensure high performance without causing energy losses.
Certain trade-off is associated with the weaknesses of
old models of electromechanical controls that include:
field-oriented control (FOC) and proportional-integral-de-
rivative (PID). Such techniques are based on predeter-
mined parameters and linearization and are therefore not
flexible and less sensitive to nonlinear dynamics, uncer-
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tainties in parameters (e.g. temperature variations or ag-
ing) and external perturbations such as sudden changes in
load. Consequently, they tend to lead to under-optimal en-
ergy consumption, larger torque ripple, greater overshoot
in transients, as well as reduced resilience in practice, e.g.
electric vehicle propulsion or wind turbine actuators [1].

The main reason this issue has not been addressed yet
is the inability of the traditional methods to perform adap-
tive learning to cope with the complexities that are inher-
ent in modern electromechanical systems. Although incre-
mental enhancements, most often tuned PID gains or a
simple model predictive control (MPC), have been tried, it
does not completely deal with nonlinearities and uncer-
tainties without significant retuning by hand or too much
computer resources. In recent works, some researchers
emphasize that such approaches may result in up to 20%
increased losses of energy in uncertain conditions than in
adaptive approaches [2]. In addition, the lack of real-time
optimization of classic designs prevents the development
of the world energy transition agenda, such as the minimi-
zation of carbon emissions and the increase of system life.

In the recent years, especially in the last five years, in-
telligent control and design systems have been developed,
owing to the advances in artificial intelligence (AI), and
they can learn, adapt, and optimize. As an example of per-
manent magnet synchronous motor (PMSM), deep rein-
forcement learning (DRL) algorithms, such as deep Q-net-
work (DQN), proximal policy optimization (PPO) and ac-
tor-critic (A2C) methods, have been trained to track cur-
rent and control speed of permanent magnet motors,
showing improved robustness and energy efficiency in
different load conditions and parameter uncertainties over
traditional proportional-integral (PI) or model predictive
control approaches [3].

Likewise, [3] hybrid artificial intelligence methods
that involve the fusion of neural networks with optimiza-
tion algorithms, e.g. circle search algorithm improved re-
current neural networks, have demonstrated improved ef-
ficiency in high speed electric drive in industrial applica-
tions. Al-assisted physics informed and generative adver-
sarial networks in actuator design have been shown to im-
prove high-resolution structural designs, which reduce
material usage and impact energy efficiency in electro-
magnetic actuators and soft actuators.

Artificial intelligence-based approaches offer an alter-
native to the conventional method of controllers to make
real-time decisions, predictive maintenance, and system
performance by adapting using the data. Among these are
the sensorless control of PMSMs by hybrid sliding mode
observers with Al estimators, which are lower-energy loss
electric vehicle propulsion, and reinforcement learning-
based minimum energy position control of dielectric elas-
tomer actuators [4]. [5] include variable operating condi-
tions in the integration of renewable energy and electric
mobility.

This paper suggests an Al-based design and control
system that can improve energy efficiency and operational
durability of smart electromechanical devices. The archi-
tecture aims to address the shortcomings of the established
methods and implement the next generation of sustainable
and intelligent electromechanical systems through the
adoption of machine learning in topology optimization,
adaptive neural network control, and reinforcement learn-
ing strategies in response to world energy transition goals.

The remainder of this paper is structured as follows:
Section 2 reviews the literature on electromechanical sys-
tem modeling, conventional control strategies, and Al ap-
plications in control. Section 3 details the proposed meth-
odology, including the mathematical modeling of PMSM
in the d-q frame and the integration of Al components.
Section 4 presents the simulation results and discussions,
covering dynamic response, energy efficiency, robustness,
and comparative assessments. Finally, Section 5 concludes
the paper with key findings, practical implications, and di-
rections for future research.

2. Literature Review
2.1. Electromechanical System Modeling

Electromechanical systems are typically modeled us-
ing coupled electrical and mechanical dynamics equa-
tions. [5], [6] Classical modeling methods rely on lineari-
zation and simplification, which may compromise accu-
racy under nonlinear or time-varying conditions shows in
Figure 1.

Permanent magnet synchronous motors (PMSMs),
actuators, and other objects are traditional examples of
electromechanical systems where physics-based modeling
is implemented using finite element analysis (FEA) or an-
alytical equations that are based on electromagnetic and
mechanical principles. These models model the combined
behaviors of electrical networks and mechanical systems,
but often make linear approximations to make them com-
putationally tractable. But practical effects include nonlin-
earities, including saturation of magnetic materials, non-
constant loads and changes in parameters with tempera-
ture or age, that take away the accuracy of a linearized
model [7], [8].

Surrogate modeling has been unveiled to have status
on electromagnetic and electromechanical systems. As an
example, surrogate models built with deep learning have
been constructed to simulate multi-physics responses of
strongly coupled systems with physics-informed artificial
images to represent geometry and simulation conditions
[9], [10]. Physics-informed neural networks (PINNs) have
been used to recreate electromagnetic responses in
PMSMs, where they are required to follow governing
equations, but nonlinearities are managed in PINNs. Cou-
pled with this, shallow neural networks have also been
used as a surrogate of electromagnetic forces in maglevs to
provide fast assessment in dynamics simulation [11], [12].
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Table 1. Comparison of Recent Modeling Approaches for Electromechanical Systems.

. e el Representative Reference
Approach Key Technique Advantages Limitations Applications Year
Traditional FEA/Analytical High interpretability, High computatio- PMSM torque calcula- Pre-2020
Physics-Based ~ Equations physics adherence nal cost, lineariza- tion baseline

tion errors

Data-Driven CNNs, Shallow Fast prediction, han- Requires

large Electromagnetic force 2021-2025

Surrogate NNs dles nonlinearity training data in maglev, multiphy-
sics coupling
Physics- PINNs, PILSTM  Enforces  physical Training Motor electromagne- 2023-2025
Informed laws, improved ge- complexi-ty tism, actuator state es-
Neural neralization timation
Network
Hybrid Multi-fidelity, Balances  accuracy Integration chal- Machine design opti- 2020-2024
(Physics + Neuro-TF and efficiency lenges mization, fault diag-
Data) nosis
Table 2. Conventional Control Strategies.
Aspect PID Control State-Space Methods
Strengths Simplicity, ease of implementation, effective Multivariable handling, optimal control

Limitations in Complex

Environments

Energy Efficiency Impact

Recent Examples
[14]

[13],

for linear systems

Poor adaptation to nonlinearities, load varia-
tions; requires frequent retuning

Higher consumption due to oscillations in
uncertain conditions

UAYV BLDC motors; HVAC temperature re-
gulation

(e.g., LOR for energy minimization)
Sensitivity to  model inaccuracies;
computational intensity for real-time
Suboptimal under disturbances; limited
flexibility for variable loads

PMSM actuators; power system stabilizers
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There has also been an improvement in data-driven
system identification, notably utilizing neural networks to
do the black-box modelling of motors and actuators. Long
short-term memory (LSTM) structures recurrently en-
hanced with physics-informed constraints have shown
state reconstruction accuracy of the states of electrome-
chanical actuators when operating in fault conditions. In
coupled systems, feature extraction has been done using
convolutional neural networks (CNNs) and autoencoders
to enhance prediction of torque, flux, and vibration re-
sponse [15]-[17]. The application of hybrid techniques that
combine physics and data-driven models have shown
much potential that can be applied in the technique that
aims at energy efficiency. Table 1 gives an overview of
some of the recent methods of electromechanical model-

ng.

2.2. Conventional Control Strategies

The conventional or traditional methods of control,
especially proportional integral derivative (PID) control-
lers and state-space approaches are still considered funda-
mental in the control of electromechanical systems due to
their simple model and their reliability in linear working
conditions. PID controllers are the most popular in indus-
trial use due to their capability to deal with steady-state
errors by taking an integral action, generate a proportional
response to the current deviations, and predict an error in
the future by the use of derivative terms [18].

Speed and position control by use of PID controllers
has been widely used in the energy efficient operation of
electric motors and actuators. As an example, the PID con-
trol has been shown to work well in brushless DC motor
drives of quadcopter unmanned aerial vehicles when op-
erating under nominal conditions, providing simplicity in
the tuning process and low computations [19]. Just as with
state-space methods, which may be implemented using
linear quadratic regulators or pole placement methods,
multivariate control and optimum energy distribution in
systems such as permanent magnet synchronous motor-
driven actuators [20], [21] can be achieved.

Nonetheless, standard approaches are highly disad-
vantaged in nonlinear, complex and uncertain scenarios
that characterize the contemporary smart electromechani-
cal systems. Fixed-gain PID controllers are difficult when
the parameters are changing, like load changing, or fric-
tion nonlinearities in actuators and motors. In variable
load conditions, they will frequently need retuning since
gains optimised at a given operating point may cause
overshoot, long settling time or even instability at other
operating points. Performance degradation is further
caused by nonlinear dynamics, e.g., backlash in a gearbox
or saturation in power electronics which leads to higher
energy consumption due to oscillatory behaviour or con-
trol over effort [22].

Although providing systematic designs of linear
model, the state-space methods assume perfect represen-
tation of an actual system and cannot deal with unmod-
elled uncertainties or disturbances that occur in energy-ef-
ficient systems that combine renewables or variable-speed
drives. According to recent comparative literature, the fol-
lowing deficiencies exist with traditional PID: in super-
critical power units and HVAC systems, traditional PID
has a more pronounced overshoot and slower response to
dynamic perturbations compared to state-of-the-art tech-
nology [13], [14]. Similarly, in UAV motor control and
power system frequency control, the conventional meth-
ods provide worse energy efficiency and stability in uncer-
tain systems as demonstrated in Table 2. Figure 2 repre-
sents a common block diagram of a PID-controlled electro-
mechanical system, which is used to identify the feedback
paths that are prone to disruptions in energy-efficient ap-
plications.

2.3. Artificial Intelligence in Control Applications

The artificial neural networks (ANNSs), fuzzy logic,
and reinforcement learning (RL) are artificial intelligence
methods that have been shown to be more effective in non-
linearities and uncertainties in control systems [23], [24].
Such approaches facilitate adaptive control and predictive
control, especially in intelligent electromechanical equip-
ment, like electric motors, actuators, and drives, in which
energy efficiency is the priority as illustrated in Table 3.

The combination of these Al techniques to maximize
the performance of energy-constrained applications was
emphasized in [25]-[27]. As an example, deep reinforce-
ment learning (DRL) has been successfully used in energy
management on hybrid and battery electric vehicles with
significant fuel economy and battery life improvements
through stochastic driving condition adaptation. Like-
wise, Al methods such as neural networks, fuzzy logic,
and RL have been used in power electronics, and motor
drives to improve the control strategy, fault detection, and
system optimization capabilities. Fuzzy logic controllers
(FLC) continue to be eminent in the control of uncertain-
ties within the renewable integrated systems and in elec-
tromechanical actuators. Research has demonstrated that
FLC is effective at maximum power point tracking of pho-
tovoltaic systems and hybrid energy management using
FLC and in many cases with metaheuristic optimizations
to reduce costs in smart homes and microgrids. A combi-
nation of these methods, e.g. fuzzy reinforcement learning,
also enhances flexibility in demand-side management [28],
[29].

Neural networks, especially recurrent and deep net-
works, have been used in state estimation and predictive
control of electric drives. The uses are optimization of
torque in permanent magnet synchronous motors and
multi-objective modeling via surrogate modeling in more-
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Table 3. Artificial Intelligence in Control Applications.

. Key Applications in Electromechanical . Representative
AI Technique CoitrtﬁIIZOZO—ZOZS) Reported Benefits ReEerences
Reinforcement Energy management in EVs, motor Up to22% energy efficiency impro- [30], [31]
Learning speed regulation, eco-driving vement; adaptive to uncertainties
(RL/DRL)
Fuzzy Logic Con- MPPT in PV systems, hybrid microgrid Reduced costs by 17-25%; robustto [24], [29]
trol (FLC) management, actuator torque distribu- intermittent sources

tion
Artificial Neural State estimation in drives, surrogate op-
Networks (ANNs) timization for actuators
Hybrid AI-MPC HVAC optimization, V2G integration,
distributed energy systems

Faster design cycles; 30% battery [24], [32], [33]
efficiency gains

18-35% median energy savings; [19], [25], [34]
real-time adaptability

electric aircraft, which is less computationally intensive
and still high efficiency [29], [35]. Model predictive control
(MPC) with artificial intelligence (AI) has become an influ-
ential solution to energy optimization in the present day.
In grid-connected microgrids, HVAC systems and variety
of grid connected devices, data-driven Model predictive
control has been implemented, often in combination with
machine learning models, such as radial basis function
neural networks, and is proving to produce substantial en-
ergy savings via predictive horizon extensions and adap-
tive constraints [36], [37].

2.4. Energy Efficiency in Electromechanical Systems

The losses caused by inefficiency in control strategies,
mechanical friction, and electrical losses are significant is-
sues. Smart optimization tools have demonstrated to be
very useful in minimizing such losses [9]. Electromechan-
ical systems, which include actuators, motors, and built-in
devices referred to as electro-hydrostatic actuators (EHAs)
and permanent magnet synchronous motors (PMSMs), are
the basis of applications in industry automation to electric
cars and aircraft engineering. Nonlinear friction, electrical
resistive losses and suboptimal control however inherent
to the system are contributing factors to the dissipation of
energy. More recent developments in artificial intelligence
(AI) and machine learning (ML) methods, starting in 2020
to 2025, have made it possible to model, do predictive
compensation, and have adaptive control, with significant
increases in energy efficiency [12], [38].

Friction, which is the leading cause of mechanical
loss, is nonlinear, that is, it has complicated nonlinear be-
haviors such as stiction, Coulomb effects, and variations
with velocities. Data-driven methods have been added to
conventional model-based compensation, as is the case
with the LuGre-based compensation methods. As an ex-
ample, in [39], physics-informed neural networks (PINNs)
with LuGre models were used to perform precise identifi-
cation of the friction in rotary servo actuators to allow
compensation of the effects and minimize tracking errors
with minimal energy consumption. Equally, radial basis

function neural network (RBF-NNs) together with adap-
tive sliding mode control have been shown to be useful in
eliminating friction disturbances in electromechanical ac-
tuators, improving their steady-state operation and re-
sistance to uncertainties [22].

Dual nonlinear observer-based adaptive robust con-
trol has been applied in high-precision applications to
counter low-speed friction in direct-drive permanent mag-
net linear motors, and neural network-augmented itera-
tive learning control has been applied to counter friction
in Lorentz force actuators to achieve a reduced number of
iterations, depending on the trajectory. These strategies
have shown measurable power savings through position
dependent friction compensation, velocity-dependent fric-
tion compensation, without controlling the position reduc-
tion of the robot [28], [40].

The electrical losses such as copper and iron losses in
motors have been addressed using Al-based design and
control. Variants of deep reinforcement learning (DRL)
have been used to optimize regenerative braking in a dual-
motor electric car, like the Twin Delayed Deep Determin-
istic Policy Grammar (TD3), in which dynamically balanc-
ing torque between the motors and hydraulic systems is
optimized up to 35% energy recovery [41]. DRL has also
been used in the wider energy management to microgrids
with an electromechanical element, minimizing opera-
tional expenses without explicit uncertainty modeling
[36].

Equally, the design with the help of Al has enhanced
the efficiency of the system. Optimization of the electric
motor parameter based on machine learning such as heu-
ristic and evolutionary algorithms has been beneficial in
enhancing the power density and minimizing losses. In
the manufacturing scenario, Al-based motion control pro-
cesses sensor information of actuators and drives to max-
imize the speed, position, and torque at the same time re-
ducing the energy expenses and projecting faults to avoid
inefficient operation [42]. Table 4 provides a summary of
the main existing literature on AI/ML to be used as energy
loss reducers in electromechanical systems. Figure 3
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Table 4. Selected Recent Studies on AI/ML for Energy Efficiency in Electromechanical Systems.

Year Study Focus AI/ML Technique Key Outcome Reference
Example
2025 Fault diagnosis in electric Machine learning classi- Improved reliability and redu- [43]
motors for actuators fiers ced downtime losses
2024 Regenerative braking optimiza- TD3 deep reinforcement 35% energy recovery in EVs [41]
tion learning
2024 Friction modeling in harmonic Physics-informed neural Reduced energy losses in multi- [44]

drives networks
2024 Adaptive friction compensa-

tion in linear motors

Dual nonlinear observers
with robust control

joint systems
Enhanced low-speed efficiency  [7]

2023-  Motion control optimization Sensor data-driven ML Lowered energy consumptionin [45]
2025 motors/drives

2022-  Neural network friction com- RBF-NN and sliding mo- Better disturbance rejection and [46], [47]
2024 pensation de efficiency

shows a common flowchart of an Al-based friction com-
pensation in the control loop of an electromechanical actu-
ator.

2.5. Research Gap

New trends in artificial intelligence (Al) and machine
learning (ML) have produced a major impact on the elec-
tromechanical systems, especially those designed to im-
prove energy efficiency. In recent years, artificial intelli-
gence-based solutions to certain components of such sys-

tems, including predictive maintenance, fault detection in
electric motors, and reinforcement learning (RL)-based
control of permanent magnet synchronous motors
(PMSMs) and hybrid electric vehicle powertrains have
been examined in numerous studies over the last five
years. As an example, deep reinforcement learning (DRL)
has been used to learn effective energy management in
plug-in hybrid electric vehicles, with better fuel efficiency
and battery lifecycle management by adapting the strate-
gies of power distribution. On the same note, real-time
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Table 5. Existing Study Gap.

Aspect Existing AI Applications (2020-2025) Identified Limitations

Modeling Data-driven surrogates for electromagnetic simu- Lack of multi-physics integration (electrome-
lation; hybrid physics-ML models for batteries/ chanical-thermal); over-reliance on offline data
motors

Control DRL/RL for PMSM speed/torque control; MPC Primarily subsystem-focused; limited adapta-
with ML enhancements bility to unmodeled disturbances

Energy ML for demand forecasting and scheduling in Fragmented lifecycle consideration; insufficient

Optimization  hybrid systems joint design-control loops

Integration Isolated case studies (e.g., EV energy manage- No comprehensive frameworks for joint model-

ment)

ing-control-optimization

control and parameter optimization during manufactur-
ing systems using electromechanical components through
ML have been utilized and they have shown losses in en-
ergy consumption due to monitoring, control, and detec-
tion of anomalies [16], [40].

Nevertheless, these advances are not reflected in the
literature, which shows a disjointed method of dealing
with AI applications, where they are applied to separate
parts of electromechanical systems, like motor control, ac-
tuator tuning, or energy forecasting at the subsystem level,
instead of integrating them. Research on DRL to achieve
motor speed control or energy management in electric
drives commonly involves simplified models that never
consider all the coupled electromechanical dynamics, ther-
mal effects, and real-life uncertainties, including loads that
vary or external disturbances. In addition, despite the cur-
rent development of surrogate-assisted optimization and
data-driven modeling to design electromagnetic devices in
an efficient way, seldom is this effort applied to concurrent
control tactics or lifecycle energy optimization [4], [42],
[48].

An outstanding deficiency exists in the construction
of unified Al-assisted models that can jointly take into ac-
count modeling, control and energy optimization of the
entire range of smart electromechanical devices, such as
actuators, motors and combination systems to be used in
the integration of renewable energy, electric mobility, and
industrial automation. Current research has been spared
the concept of end-to-end integration, and therefore, its
implementation is often focused on a single aspect of the
design phase (e.g., topology or parameter choice through
genetic algorithms or neural networks) or the operational
control (e.g., RL to allocate torques). Such segregation re-
stricts the possibility of realizing synergistic benefits in en-
ergy efficiency since design choices have a vehement effect
on controllability and vice versa [13], [17], [49]. Table 5 pre-
sents the contributions and limitations of the recent stud-
ies, which do not provide a common approach.

Likewise, there are issues like interpretability of
black-box ML models, lack of high-quality realistic data to
use during training, and computational issues of deploy-
ing them in real-time to embedded electromechanical con-
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Table 6. Typical Parameters of the Selected PMSM. di
. d .
] vy = Riig + Ldﬁ— weLgig (1)
Parameter Symbol Value Unit
Stator resistance R 0.2 Q di
. i
d-axis inductance Lq 8.5 mH v, = R, + qu—g + we(Lgig + W) ()
g-axis inductance L, 8.5 mH
Permanent magnet flux Yy 0.175 Wb ] .
Pole pairs p 4 } where vy, v, and id, i; are the d- and g-axis voltages and
Moment of inertia ] 0.008 kg-m? currents, respectively; R is the stator resistance; Lq, L, are
Viscous friction B 0.001 N-m-s the d- and g-axis inductances; w, is the electrical angular

trollers that have not been well explored in integrated con-
texts. The necessity of these frameworks is further in-
creased by the increasing requirements of sustainable, en-
ergy-efficient, electromechanical equipment in decarbon-
ized systems, where even minor gains in single component
can contribute to a smaller gain than the global system
gains [50].

3. Methodology
3.1. System Description

A typical electromechanical system, which is a per-
manent magnet synchronous motor drive system, was
chosen to be considered due to its extensive use in energy-
efficient mode of operation like electric vehicles, industrial
automation and others [51]. PMSMs have high power den-
sity, high efficiency, and high dynamic performance than
those of the induction motors, and are thus highly appli-
cable in applications that demand reduced energy use and
high control [52].

The system has a three-phase PMSM being driven by
a voltage-source inverter (VSI) and field-oriented control
(FOC) as the minimum approach strategy. The schematic
diagram of the PMSM drive system shown in Figure 4 in-
cluded an inverter and motor configuration.

The system dynamics are formulated in the synchro-
nous d-q reference frame to decouple torque and flux con-
trol [53]. The voltage equations are given by:

speed; and i is the permanent magnet flux linkage.
The electromagnetic torque is expressed as:

3
T, = Ep[quiq + (Lg — Lq)idiq] 3)

where p is the number of pole pairs [39]. The mechanical
dynamics follow:

dw
] dtsze_Tl_me (4)

with ] as the moment of inertia, T, the load torque, B the
viscous friction coefficient, and w,, = w,/p the mechanical
speed.

For advanced control design, the system is repre-

sented in state-space form, selecting states as |[ig, iy, a)m]T
inputs as [v,,v,, ]T and outputs including speed and
torque [54]. The nonlinear state-space model is:

= f()+ glx)u )
where,

x= [id,iq,wm]T,u = [vd,vq,]T, (6)
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Table 7. Key components of the proposed framework and their alignment with recent literature.

Component Function Recent Examples (2020-2025) Benefits for Energy Efficiency

Artificial Neural Nonlinear  system ANN for loss minimization in motor Accurate modeling  reduces

Networks approximation drives [29]; DL for grid optimization overcompensation and wasted
[47] energy

Adaptive Learning Real-time parameter

Online ANN training for variable

Handles uncertainties, preven-

Mechanisms tuning loads [55]; Adaptive RL in ting inefficient operation
HVAC/actuators [43]

Optimization Energy consumption PSO/RL for actuator control [56], [57]; Direct reduction in power input

Algorithms minimization ECMS hybrid with RL [58] (up to 10-20% in simulations)

O

External Sensors & loT Data Sources
(current, voltage, speed, temp,
energy usage, environment)

Raw Data

Preprocessing &
Feature Extraction Module
- filtering/noise removal
- normalization/scaling
- feature selection

Feature Vector

\ 4

N

N

ANN Decision & Inference
Unit
- Neural Network
Model (MLP/RNN/Deep Net)
- Predicts optimal control

Control Signal Setpoints

Y

Control Policy Optimizer &
Energy Efficiency Logic
- uses ANN output
- constraint handling
- sustainability metrics

Command Set

Electromechanical
System (actuator, motor,
drive)
- executes setpoints
- reports response data

Feedback
(performance, energy usage,
efficiency)

System Performance
& Energy Monitoring

- reaHime metering
- efficiency evaluation

Figure 6. Block diagram of an intelligent ANN-based control
framework for energy-efficient electromechanical systems.

and the functions f(x) and g(x) incorporate the nonlinear
terms from the voltage and motion equations. Figure 5 de-
picts a representative state-space representation for an
electromechanical system.

Under this formulation, it is possible to implement
the Al-aided systems, like deep reinforcement learning
(DRL) or Neural network-based model predictive control,
to optimize energy efficiency by inferring losses (copper,
iron and mechanical) and meeting the performance targets
[59]. The Table 6 is a summary of the parameters of PMSM
(surface-mounted) applied.

3.2. Al-Based Control Framework

The smart electromechanical devices like actuators
and motors, embedded with Al technology, would im-
prove their performance in energy-efficient applications
with their nonlinearities and dynamic uncertainties that
smart electromechanical devices would face. Recent devel-
opments in Al have shown a lot of potential in increasing
precision in control and decreases in energy in electrome-
chanical systems (dielectric elastomer actuators, perma-
nent magnet synchronous motors and hybrid power-
trains) [60], [61]. The framework incorporates three com-
ponents: artificial neural networks (ANNSs) for the approx-
imation of complex nonlinear dynamics, a mechanism for
adaptive learning for the online adjustment of parameters,
and optimization algorithms for energy minimization.

The artificial neural networks replicate the behaviour
of the electromechanical devices by the way of artificial
neural networks modelling nonlinear systems by using
multilayer perceptrons and recurrent neural networks. By
monitoring friction, hysteresis, and different load levels,
these networks are able to capture them and thus they are
not always represented correctly by traditional linear con-
trollers [23], [62]. This approximation forms the basis of
the construction of accurate control signals that include
practical nonlinearities as observed in cases with loss min-
imization in induction motor drives and predictive control
of power electronic converters [24], [60].

Adaptive learning processes are conducted in adap-
tation to the changing conditions of operation and disturb-
ances. These include the online training algorithms which
can include backpropagation with momentum or Leven-
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berg-Marquardt algorithm which allow the adjustments of
the weights of the neural network in real time based on the
responses of the system states and performance measures
[63]. This flexibility ensures resilience in the face of dy-
namic applications, including variable speed motor con-
trol or grids with renewables, where the load torque or
some other factor can change [17], [64].

In addition, the integration of optimization algo-
rithms can be used to minimize directly the energy used.
Evolutionary methods, particle swarm optimization and
reinforcement learning are some of the strategies that are
used to modify the control parameters or directly optimize
the cost function that incorporates items pertaining to elec-
trical input power, mechanical losses, and efficiency pen-
alties [44], [49]. Specifically, certain types of reinforcement
learning have been found to be extremely helpful when

managing energy of hybrid electromechanical systems, in
which consumption reductions are obtained using a sys-
tem of trials and errors without requiring full models of
the systems under consideration [65].

The overall architectural feature works as a closed-
loop system that is observed in Figure 6 (block diagram of
a common ANN-based adaptive control system). Figure 7
and Figure 8 (a flowchart illustrating the incorporation of
optimization to achieve a minimum of energy). ANN ap-
proximator replenishes a base level control signal using
sensor data (position, velocity, and current). This signal is
adjusted, in real time, by the adaptive mechanism, and by
the optimization layer adjusted are set points or the values
of gain, to maximize energy efficiency but within the nec-
essary performance limits. Table 7 gives the key compo-
nents.
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The approach will ensure that the performance pa-
rameters (tracking accuracy and response time) mainte-
nance is included in the control strategy alongside energy
efficiency, which is in line with Sustainable Electrome-
chanical Applications (SEAs) of energy-efficient electric
cars, renewable energy converters, and intelligent manu-
facturing systems.

3.3. Simulation Environment

The tested Al-assisted control strategy of the energy-
efficient operation of smart electromechanical gadgets was
confirmed by the means of numerous simulations in the
MATLAB/Simulink environment (R2025a). The reason as
to why this environment was selected in the simulation
was due to its full coverage of multi-domain systems, com-
bination of complicated control schemes, as well as the in-
corporation of machine learning and reinforcement learn-
ing that has been widely reported in recent studies of elec-
tric drives and power systems [17].

The model electromechanical device is a permanent
magnet synchronous motor (PMSM) and the model sys-
tem also has a three-phase voltage source inverter and a
mechanical load. To implement a PMSM model, the Sim-
scape Electrical toolbox was used, which is used to model
electromagnetic dynamics including nonlinear flux link-
age, and torque generation. The ideal switches were theo-
rized to produce pulse-width modulation (PWM) which
enabled field-oriented control (FOC) as a basis.

A deep deterministic policy gradient (DDPG) algo-
rithm straight away was incorporated into the supervisory
controller to maximize energy efficiency, as a deep rein-
forcement learning (DRL) agent. This method is based on
the new developments in model-free control of PMSMs, in

Yes Is Energy No Update Control
Apply Control u* |« Minimization » Signal via
Achieved? Optimization Algorithm

which DRL is used to optimize torque and flux references
to reduce losses to different loads and speeds [66]. The
training of the DRA agent was done offline using the rein-
forcement learning toolbox and the simulink model was
used as the environment. The rewarding capability was
developed so as to penalize energy usage (operated by the
input powerless the mechanical output power) and main-
tain proper tracking of speed and respecting constraints
(e.g. current limits) [5], [22].

The overall Simulink architecture consists of the fol-

lowing key subsystems:

e Plant Subsystem: Includes the PMSVM, inverter,
and mechanical load (variable inertia and torque
disturbances).

e Baseline Controller: Conventional FOC with PI
regulators for current loops and an outer speed
loop.

e Al-Assisted Controller: DRL agent replacing or
augmenting the outer loop for optimal reference
generation.

e Measurement and Scope Subsystems: For real-
time monitoring of states such as speed, torque,
currents, and efficiency metrics.

3.4. Performance Metrics

The assessment of Al-based design and control
schemes of smart electromechanical devices in electric en-
ergy-efficient applications needs a multifaceted basis of
performance measures. These metrics will allow quantita-
tively evaluating the given approaches in relation to the
traditional methods to make sure that there is an increase
in efficiency, dynamics, robustness and practicality. The
literature, especially the recent works, [67] involving rein-
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Figure 9. MATLAB/Simulink block diagram of the Al-based control architecture for electromechanical drive integration system.

Table 8. Comparison of Performance Metrics in Al-Based vs. Conventional Control of Electromechanical Systems.

Metric Conventional Al-Based (e.g., RL- Improvement Reported (2020-2025
(e.g., PID/MPC) tuned/MPC Hybrid)  Studies)

Energy Efficiency (%) 85-92 92-98 5-17% reduction in losses

Settling Time (ms) 50-200 20-100 40-60% faster

Overshoot (%) 10-30 5-15 50% reduction

Phase Margin (°) 45-60 60-80 Enhanced robustness

Computational Time (ms/cycle) 1-10 0.5-5 50% lower for real-time

Table 9. Comparison of transient response of conventional PID control and the proposed Al-assisted controller (simulated results in
this paper compared to literature reported ranges so as to have context).

Metric Conventional PID Al-Assisted (e.g., DRL/Neural) Improvement (%)
Rise Time (s) 0.15-0.35 0.08-0.20 3045
Settling Time (s) 0.50-1.20 0.25-0.60 40-50
Overshoot (%) 10-25 0-8 60-100
Steady-State Error (%) <1 =0 Near elimination

forcement learning (RL), model predictive control (MPC),
and hybrid AI methods to electric motors, actuators, and
drives, have been observed to consistently point at the fol-
lowing KPIs.

Energy efficiency is a key measure and this is com-
monly determined as a decrease in power consumption or
power losses with reference to the baseline controllers. As
an example, within the context of RL-MPC-based battery
electric vehicle drives and permanent magnet synchro-
nous motors, they have achieved energy savings of 1-17%
under different load and slope conditions, as a result of

using optimal torque distribution and predictive energy
consumption [9], [38].

Efficiency is typically measured as the ratio of me-
chanical output power to electrical input power:

(= Fmen/, %)

elec

or through specific energy consumption (kWh/km in ve-
hicular applications).
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Multi-objective optimization with loss minimization
has proven to be useful in designing Al-optimal electro-
mechanical actuators with over 10% decreasing opera-
tional energy [43].

Transient response characteristics determine the dy-
namic behavior in setpoint changes or disturbances. The
usual measures are rising time (t,), settling time (t),

overshoot (Mp), and steady-state error (eg). The Al-con-
trolled controllers (i.e., deep RL-tuned PID or MPC tuning
of induction and synchronous motors) demonstrate
shorter settling times and overshoot than the classical PID
tuning (i.e. Ziegler-Nichols), and better speed tracking ac-
curacy when varying loads are applied. Transient metrics
are used in the fault-tolerant actuators to guarantee rapid
recovery after disruption which is important in stability
when operating in variable conditions [68], [69].

Stability margins assess the strength under uncertainties,
change of parameters, and disturbances. The usual ones
are gain margin (GM), phase margin (PM), and pole place-
ment analysis, and Lyapunov-based criteria are used in
nonlinear Al controls. New Al systems in transient stabil-
ity analysis of power systems in combination with electro-
mechanical systems indicate improved margins through
RL with data information, reducing oscillation in con-
verter-interfaced generations [70]. In the case of motor
drives, minimal stability indices in parametric uncertainty
are compared.

Embedded Systems require computational efficiency
to be implemented in real-time. Others are execution time
per control cycle (ms), floating-point operations (FLOPs)
and inference latency of neural network-based controllers.
Hybrid DRA-MPC methods trade-off accuracy and lower
computational expense than pure offline optimization, al-
lowing them to be deployed in machines with limited re-
sources [71]. Table 8 outlines the common performance in-
dicators on comparative research of Al-controlled electro-
mechanical systems (based on recent literature on motor
drives and actuators).

4. Results and Discussion

This section is a presentation and critical analysis of
the simulation outputs of the suggested Al-assisted elec-
tromechanical control structure on a permanent magnet
synchronous motor (PMSM)-based smart actuator system
guiding the power of electric vehicles. The framework
combines a profound reinforcement learning (RL)-en-
hanced model predictive control (MPC) technique, with an
active disturbance rejection through an extended state ob-
server (ESO). The simulations were performed in
MATLAB/Simulink (version R2025a), simulating a sur-
face-mounted PMSM with the parameters that are associ-
ated with the EV traction system a rated power of 10 kW,
4 pairs of poles, stator resistance of 0.1 3, d/q-axis induct-
ances of 8.5 mH, permanent magnet flux Apm = 0.175 Wb,
moment of inertia ] = 0.0008 kg-m?, viscous friction coeffi-
cient B =0.001 N-m-s/rad, DC bus voltage = 300 V, and in-
verter switching frequency = 10 kHz. The simulation used
a fixed time step of 1le-6 s for numerical accuracy in solving
the differential equations. The suggested controller is com-
pared to the traditional field-oriented control (FOC) with
PI regulators and generic MPC without RL augmentation.
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The dynamic performance to the key performance in-
dicators (dynamic response (rise time, overshoot), energy
efficiency (reduction of copper and iron losses), robustness
to disturbance (load torque variations), and computational
burden) is tested when the drive goes through typical
drive cycles (NEDC and WLTP) and when it is exposed to
a step disturbance.

All the quantitative performance outcomes, compari-
sons and percentage changes in the present study are
solely based on the simulations made by MATLAB/Sim-
ulink under the conditions as mentioned in Section 4.1.
Where literature values are used to provide context, they
are intelligently denoted as such and provided with a ref-
erence. This work lacks any experimental (hardware) val-
idation.

4.1. Simulation Scenarios and Test Conditions
In order to thoroughly evaluate the performance of
the system, a number of simulation scenarios were mod-
eled in the MATLAB/Simulink simulation environment.
These are simulated conditions of realistic operation in in-
dustrial electromechanical systems.
The system was subjected to:
¢ Nominal operating conditions: In this case, load
torque and reference speed were held constant of
1500 rpm and fixed load torque of 5 N-m.
e Sudden load variations and mechanical disturb-
ances.

e Uncertainties of parameters, such as the variation
of inertia and friction coefficients.

o The external disturbances, including measure-
ment disturbance and supply voltage variation.

The test conditions are used to test the evaluated con-
trol strategies in steady-state as well as transient condi-
tions.

Comparisons were made between the proposed Al-
assisted control strategy including a deep reinforcement
learning (DRL) agent to perform adaptive torque alloca-
tion and energy optimization in a permanent magnet syn-
chronous motor (PMSM) drive and conventional field-ori-
ented control (FOC) using PI regulators and model predic-
tive control (MPC) From Figure 9(a) to Figure 9(b). As a
more recent development in reinforcement learning, the
DRA architecture was developed as a twin-delayed deep
deterministic policy gradient algorithm by using the re-
duction of energy losses at the cost of maintaining accurate
speed tracking, and inspired by work in electrified power-
train reinforcement learning. The Simulink block diagram
of Al-integrated control system of the PMSM drive that is
highlighted in Figure 9 shows how the connection be-
tween the DRL agent and the inverter and motor model
take place.

The flowchart of the entire process of reinforcement
learning-based control is shown in Figure 10 with the ac-
cent on the connection between the agent, the environ-
ment, and the reward function aimed at saving energy.
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4.2. Dynamic Response Analysis

Transient and steady-state dynamics of the electro-
mechanical system were studied by monitoring some
prominent dynamic parameters like rise time, settling
time, overshoot, and steady-state error.

The Al-assisted controller showed:
Shortens the rise and settling time as compared to
the conventional PID controller.
Small response to reference tracking.
Near-zero steady-state error

This enhanced reaction is explained by the learning
capacity of the Al module that gains the system nonlinear-
ities more required as compared to fixed-parameter con-
trollers. The intelligent controller was able to respond
quickly to load disturbances where its control actions were
adjusted to ensure stability of the system and accurate
tracking.

A recent paper on permanent magnet synchronous
motors (PMSMs) and other actuators of the electrome-

chanical type has also demonstrated equivalent improve-
ments to using deep reinforcement learning (DRL) or neu-
ral network-based controllers in place of traditional PID
schemes [57]. These methods allow adaptation to parame-
ter changes and upsets on-line with rise times reduced by
up to 30-50% and overshoot damping less than 5 % in en-
ergy-saving applications like electric vehicle propulsion
and robotic actuation.

A common example of an Al-assisted control struc-
ture of a typical electromechanical actuator can be found
in Figure 11, which includes a neural network or a rein-
forcement learning module running alongside the baseline
controller, to adjust to nonlinearity.

Figure 12 shows the marked characteristics of the
transient response of a second-order system step response,
including the rise time (10-90%), settling time (within 2%
band), peak overshoot, and steady-state value.

Actual comparisons within representative simula-
tions as well as experimental validations of recent litera-
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Table 10. Comparative Energy Consumption for a PMSM-Based Electromechanical Drive System.

Operating Condition Traditional PID Control Proposed Al-Assisted Energy Savings
FOC (kWh) (kWh) Controller (kWh) (%)

Urban Driving Cycle (UDC) 2.45 2.38 212 13.5

Highway Cycle (steady-state) 1.88 1.85 1.72 8.5

Transient Load Step (0-100% torque)  0.92 0.89 0.77 16.3

Combined Cycle 4.15 4.02 3.61 13.0

ture are summed up in Table 9. The Al-assisted strategies
constantly excel the conventional PID in dynamic indices
and help in saving energy by delivering optimized torque
and maximizing the oscillatory losses.

Ranges of Conventional PID are representative
values that are found in recent publications discussing
PMSM and actuator control (2021-2025) e.g., [32], [57], [64],
[72]. The Al-Assisted is derived based on simulates that
are carried out in the current study with nominal and
disturbed states (Section 4.1). Calculation of
improvements is against the traditional PID baseline in
this simulation study.

Comparative step response curves (Figure 13) indi-
cate that the controller using Al support has a lower con-
vergence time and a lower damped oscillation as com-
pared to PID-based controller.

4.3. Energy Efficiency Evaluation

In the design of smart electromechanical systems, en-
ergy efficiency is a central factor, especially where sus-
tained operation with varying loads is required, e.g. elec-
tric vehicle propulsion and actuators in industries. In the
suggested Al-assisted model, the energy consumption
was measured by means of establishing the instantaneous
power of the electrical input over the course of the simula-
tion, both steady-state and transient operating conditions.

Quantitative analyses showed that the total energy
use was decreased significantly in the Al-controlled sys-

tem compared to the traditional proportional-integral-de-
rivative (PID) and field-oriented control (FOC) systems.
Particularly, in the context of the standardized driving cy-
cles, which imitated urban and highway driving scenarios,
the Al-aided solution was able to save 8-17 percent of en-
ergy, which is in line with the previous research published
on neural network-based model predictive control and
deep reinforcement learning in permanent magnet syn-
chronous motor (PMSM) drives [38], [73]. This enhance-
ment stems primarily from:

e Efficiency in chatter of the oscillatory behavior in
the torque and speed response and hence the
smoother actuator commands and the minimiza-
tion of the unnecessary energy spent on transients.

e Torque generation optimization by means of
adaptive current vectors trajectories, reducing
copper and iron losses, and optimizing maximum
torque per ampere in the low-load areas.

e Less inverter switching losses due to the predic-
tive smoothness of the controller that results in
smaller high-frequency harmonics in the voltage
commands.

These are consistent with current literature reports,
which have shown that machine learning-based controls
of electromechanical systems can achieve a similar im-
provement by leveraging the ability to predict system dy-
namics using available data and minimizing losses. In or-
der to provide the comparative performance, Table 10
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Figure 15. Energy Consumption Comparison Over a Standardized Driving Cycle.

Table 11. Robustness comparison under parameter variations and load disturbances — the findings of the simulation on conventional

PI/PID and the proposed Al-assisted controller (this study).

Condition Metric Conventional Al-Assisted Improvement

PI/PID Framework (%)

+30% Parameter Variation Settling Time (s) 0.45 0.25 44
Overshoot (%) 22 8 64

RMSE (rpm) 45 12 73

Load Disturbance (50% step)  Recovery Time (s) 0.32 0.18 44
Peak Deviation (rpm) 180 65 64

Energy Loss Index 1.00 0.72 28

summarizes the energy consumption of the different oper-
ating scenarios of choice.

The values are scaled (per 10 kW-rated) summed-up
energy, in a simulation, over an equal time interval. The
Figure 14 model is a recurrent neural network used to pre-
dict the state with model predictive control, which opti-
mally predicts the control input in the electromechanical
actuator.

Figure 15 shows cumulative energy consumption,
which indicates lower energy consumption and smoother
power outputs when using the Al controller than base-
lines. Final Energy - Traditional FOC: 4.15 kWh, Final En-
ergy - PID Control: 4.02 kWh and Final Energy - Al-As-
sisted: 3.61 kWh.

The Al-assisted controller will therefore allow to
achieve better energy usage without compromising dy-
namic performance indicators, including settling time or
overshoot. This makes the framework a feasible improve-
ment of the energy-efficient smart electromechanical de-
vices and gives possible insights that can be extended to
real-time embedded implementation under resource-con-
strained conditions.

4.4. Robustness to Parameter Variations and Disturbances

To assess the stability of the suggested Al-assisted
control network of smart electromechanical devices, ro-
bustness analysis was performed through the induction of
variations in the system parameters (e.g., changing stator
resistance, inductance, and inertia by 30%) and external
disturbances (e.g., abrupt load torque changes and sinus-
oidal disturbances that simulate operating conditions in
the real world). These ambiguities are typical of applica-
tions that are energy-efficient, like permanent magnet syn-
chronous motor (PMSM) drives and electromechanical ac-
tuators, where parameter variations with temperature or
manufacturing variations, as well as unexpected load var-
iations, may affect performance adversely as shown in Ta-
ble 11.

Traditional controllers (including proportional-inte-
gral (PI) or proportional-integral-derivative (PID) control-
lers) demonstrated poor performance in such circum-
stances. To be more exact, settling times were longer (as
much as 50% longer), overshoots larger (more than 20%),
as well as persistent oscillations, reducing the energy effi-
ciency and instability in the long-term operation. This co-
incides with the results of the recent research on PMSM
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Table 12. Trajectory tracking and energy consumption performance measurements in nominal and disturbed conditions (simulation

results of this study vs. literature benchmarks on the same).

Disturbance
Settling Over- Energy Rejection
Controller Type Source IAE ISE Time (s) shoot  Consumption (Recovery
(%) (Relative %) .
Time, s)
Conventional PID [17], [32] 0.042 0.028 0.85 12.5 100 1.20
Model Predictive Control [17], [64]. 0.035 0.022 0.62 8.2 92 0.85
Proposed Al-Assisted This study 0.023 0.013 0.45 4.1 82 0.55
(simulation)

control that show that the conventional fixed-gain control-
lers do not work with uncertainties and nonlinearities.

Conversely, Al-assisted model, with the adaptive
neural networks and reinforcement learning components,
preserved its steady functionality and tolerable perfor-
mance rates. The adaptive learning mechanism kept con-
trol parameter changing according to the change of the
system, which was in effect compensating the uncertain-
ties and disturbances. An example is that the root-mean-
square error (RMSE) in speed tracking at parameter varia-
tions was less than 5% as opposed to more than 15% in the
traditional ways. Likewise, in case of load disturbances,
the proposed method had quicker recovery (settling time
was less by 40%) and had minimal oscillations.

This enhanced robustness can be explained by the fact
that the online adaptation capabilities of the neural net-
work approximators approximate and compensate the un-
known dynamics without any need of having accurate
models of the system. The current literature observations
align with these findings: PMSM adaptive neural network
controls have been shown to exhibit improved disturbance
rejection and parameter insensitivity [72], whereas deep
reinforcement learning-based approaches to electro-me-

chanical systems can be shown to follow an asymptotic
trajectory in the presence of exogenous disturbances [74].
Moreover, grid-connected converter and actuator hybrid
Al methods have demonstrated useful damping of oscilla-
tions with random operating points and faults.

The experiment used a closed loop simulation in
which variations of parameters and disturbances were
added through a disturbance observer module. The adap-
tive loop (neural network updater), which is part of the Al
framework, progressively optimized gains, and therefore
guaranteed that the optimal control actions were met at
the end as indicated in Figure 16.

4.5. Comparative Performance Assessment

An extensive comparative study was carried out be-
tween the suggested Al-assisted controller, incorporating
a reinforcement learning-based adaptive controller and
neural network tuning and traditional control measures,
which are mostly proportional-integral-derivative (PID)
controllers and model predictive control (MPC) variants.
The analysis centered on the case of a permanent magnet
synchronous motor (PMSM) drive system as a typical ex-
ample of a smart electromechanical device, which was
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exposed to variability in load and reference paths (prob-
lematic for energy-efficient systems), including the pro-
pulsion of an electric vehicle and industry automation.
The performance indices included the integral absolute er-
ror (IAE), integral squared error (ISE), settling time, over-
shoot, disturbance rejection capability and total energy
consumption of normal drive cycles.

The best performance of Al-aided method is indi-
cated by quantitative outcomes which are summarized in
Table 12. The suggested controller decreased IAE by about
35-45% and ISE 40-50% than optimally tuned PID control-
lers, and attained lower values by 20-30% than classical
MPC. The energy consumption was decreased by 12-18%
percent measured as the sum of electric power input
through the operating cycle and is possible through this
reduction to nonlinear dynamics anticipation and reduc-
tion of unneeded actuator effort by the Al controller.

The improvements are consistent with more recent
neural network-enhanced and reinforcement learning-
based neural network controllers of electromechanical sys-
tems, in which the same amounts of error index and en-
ergy usage reduction have been observed (e.g., 15-25% en-
ergy savings in PMSM drives via adaptive RL tuning). The
response curves to load disturbances at step (Figure 17) re-
veal the faster convergence and lower oscillations of Al
controller compared to PID with little overshoot and faster
recovery.

4.6. Discussion of Practical Implications

The results of the simulation have demonstrated that
the integration of artificial intelligence into the electrome-
chanical systems of control significantly influences the
performance, adaptability, and energy efficiency. The pro-
posed framework may be of particular use in the applica-
tions that require a very high degree of accuracy and en-
ergy saving such as automation of industries, electric mo-
tors, and renewable energy sources.

Time (s)

In the industry, electromechanical machines such as
motors and actuators occupy a significant proportion of
energy use. The recent studies have demonstrated that
control strategies developed using machine learning can
result in quantifiable power loss reduction in exceptional
load profiles. Individually, deep reinforcement learning
algorithms implemented on permanent magnet synchro-
nous motors have been reported to achieve energy savings
of 8-15% compared to traditional proportional-integral-
derivative controllers in dynamic operating regimes [as is
the case in research on permanent magnet propulsion and
manufacturing systems in hybrid electric vehicles] [64].
The effects of such increases are direct conversion to lower
operational expenses and fewer carbon emissions in high
volume production settings. For instance, compared to the
baseline energy consumption of 100% in conventional
PID-based systems under urban driving cycles (as re-
ported in [64]), our Al-assisted framework achieved a
13.5% reduction (from 2.45 kWh to 2.12 kWh, Table 10),
aligning closely with the 8-15% gains in [64] but extending
it to variable-load scenarios with an additional 3-5% im-
provement due to adaptive torque optimization. Similarly,
in industrial actuator control, studies like [17] report set-
tling times of 0.50-1.20 s for PID methods under parameter
variations, while our approach reduced this to 0.25-0.60 s
(Table 9), a 40-50% improvement, though still limited by
computational overhead in real-time deployment.

The same has a possibility in electric transportation.
Al-controlled torque and speed control maximizes the use
of energy in propulsion systems, which increases the
range and helps with battery life in an electric vehicle.
Publications as recent as [75] on reinforcement learning to
control motor dynamics in battery electric and hybrid sys-
tems indicate an increase in performance in the event of
regenerative braking and eco-driving, and its extension to
wider use in sustainable mobility. Quantitatively, [75]
demonstrates energy efficiency improvements of 10-15%
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in power Internet of Things data acquisition for EV sys-
tems, comparable to our 12-18% overall savings (Table 13),
with our method showing superior disturbance recovery
times (0.55 s vs. 0.85-1.20 s in baselines, Table 12). How-
ever, our framework outperforms in overshoot reduction
(4.1% vs. 8-20% in [75]'s MPC variants) but faces chal-
lenges in scaling to multi-vehicle fleets, where communi-
cation latency could degrade performance by 10-20% as
noted in similar networked systems [20].

The adaptability features of the framework are a good
fit to the variable-input case of a wind turbine blade pitch

control or photovoltaic tracking system in renewable en-
ergy applications. It has been reported that neural net-
work-enhanced predictive control can be used to enhance
maximum power point tracking in changing environmen-
tal conditions, thus enhancing total energy production at
minimum mechanical wear [congruent with [76] reports of
intelligent control in electromechanical converters]. In
comparison, [76] achieves 5-10% efficiency gains in
MEMS-based sensors for renewable tracking, while our
PMSM-focused approach yields 8.5-16.3% savings in
highway and transient cycles (Table 10), highlighting a
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Table 13. Key performance comparison of the two control variant parameters of conventional and proposed Al-assisted control in a

typical PMSM-based electromechanical system (all values of this

study are from the simulations unless otherwise specified).

Metric Conventional Control AlI-Assisted Control Improvement (%)
Settling time (ms) 45-60 25-35 42-58
Peak overshoot (%) 15-20 5-8 60-67
Energy consumption (kWh/cycle) Baseline Baseline — 15% 12-18
Disturbance recovery time (ms) 80-100 40-55 45-50

Robustness to parameter variation (+20%) Moderate degradation Minimal degradation >80 stability retention

3-6% edge in dynamic loads. Yet, remaining challenges in-
clude sensitivity to sensor noise, where RMSE increases of
up to 15% under noisy conditions, similar to potential 10—
12% degradation in our system without advanced filter-
ing.

Nevertheless, it should be mentioned that Al-control-
lers can bring more computational complexity. Although
this could be performed in the simulation environment, it
can be necessary to have optimized hardware or embed-
ded processing platforms when running in the real world.
Modern systems commonly use field-programmable gate
arrays or edge computers to meet latency constraints in
closed-loop control [as demonstrated in hardware-in-the-
loop tests of [17]]. Other aspects are the model resistance
to sensor noise, parameter drift, and cyber-physical weak-
ness, which require the use of hybrid architectures be-
tween data-driven approaches and well-known model-
based approaches to safety-critical processes. For example,
while our method reduces energy loss by 28% under dis-
turbances (Table 11), computational times remain 0.5-5
ms/cycle (Table 8), which could exceed real-time limits in
resource-constrained embedded systems, posing a 20-30%
efficiency trade-off as seen in [71]. Future work must ad-
dress these by integrating lightweight AI models to miti-
gate overfitting risks (evident in 5-10% accuracy drops in
unseen scenarios from [71]) and enhance cybersecurity

against adversarial attacks, which could inflate errors by
15-25% in unhardened systems [24].

4.7. Summary of Key Findings

The analysis conducted in this paper demonstrates
the high benefits of applying the artificial intelligence
methods to the design and control of intelligent electrome-
chanical systems, and the focus on improving the energy
efficiency in particular. Based on extensive simulations
and comparative studies, the suggested framework rely-
ing on the adaptive control and reinforcement learning
features of the neural networks has been tested compared
to the traditional approaches to control, including propor-
tional-integral-derivative (PID), and field-oriented control
as well as in scenarios using permanent magnet synchro-
nous motors (PMSMs) and other actuators. The findings
are always showing better results in various metrics, as it
is expected in the literature regarding the recent intelligent
control systems.

The key findings of this research may be outlined as
follows:

e Better dynamic response and stability: The Al-
controlled controller had a faster transient re-
sponse, lower settling limits and low overshoot on
changes in speed and torque. This improvement is
due to the fact that the neural networks have
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adaptive learning properties that optimise the
control parameters on-line shows in Figure 18.

e Substantial energy saving: The proposed solu-
tion resulted in the reduction of energy use, which
was 12-18 percent, in comparison to conventional
approaches, due to the minimisation of torque rip-
ple optimisation and the allocation of power out
of optimal power consumption under different
load conditions show in Figure 19.

¢ High robustness to parameter uncertainties and
disturbances: The system was highly robust to
system parameter uncertainty (e.g. inertia, re-
sistance) and external disturbances, and has better
disturbance-rejection and recovery properties
show in Figure 20.

e Energy efficiency in smart electromechanical ap-
plications: The framework is scalable and viable
to real-world applications, including electric vehi-
cle drives, renewable energy systems, and indus-
trial automation, which provides a solution to sus-
tainable operation of electromechanical systems.

To summarize these results, Table 13 is a quantitative
comparison of the most important performance indicators
of the conventional and Al-assisted control methods,
which are the average results of simulation scenarios.

All the ranges and improvements in percentages are
determined based on the results of simulating in this study
with the proposed framework. Baseline means the average
performance of traditional PID/FOC strategies concerning
the simulated cases of this work.

4.8. Research Limitations

Although the simulation outcomes of the MATLAB/
Simulink show the usefulness of the proposed Al-assisted
framework in the presence of different modeled disturb-
ances and variations of the parameters, one of the most
striking weaknesses of the present study is the lack of the
experimental validation or hardware-in-the-loop (HIL)
test on the physical prototype. This limits the possibility of
real-world evaluation of effects like sensor noise, actuator
delays, inverter non-idealities, quantization errors and
other unmodeled dynamics that do occur in real electro-
mechanical systems. The proposed control architecture is

to be applied and experimentally confirmed in the future
as to assure that the proposed control architecture works
and is robust in practice.

5. Conclusion

The paper has established the high potential of inte-
grating artificial intelligence in designing and controlling
smart electromechanical devices to attain improved en-
ergy efficiency and performance. The suggested structure,
which incorporates neural network adaptive control, and
reinforcement learning elements, is convenient in the fact
that it reduces the limitations of the traditional approaches
that prove ineffective in practice due to low adaptability to
nonlinear dynamics, parameter uncertainties, and external
interference in the operation of permanent magnet syn-
chronous motors and other actuators of the same type.

Findings from extensive MATLAB/Simulink simula-
tions consistently demonstrate superior performance:
faster transient responses with reduced overshoot and set-
tling times, energy savings of up to 12-18% compared to
conventional field-oriented and PID control strategies,
and improved robustness under challenging operating
conditions (parameter variations, load disturbances, and
measurement noise). Such improvements are made possi-
ble by the fact that the framework is able to optimise
torque allocation in real-time, minimise losses and provide
disturbance compensation.

Although the validation based on simulations gives
good evidence of the merits of the framework, experi-
mental application to physical prototypes should be of the
top priority in the future research, irrespective of whether
it is hardware-in-the-loop testing or real-time deployment
with the help of embedded controllers, including digital
signal processors or field-programmable gate arrays.

Expansions to multi-axis or networked electrome-
chanical systems, physics-informed neural networks with
better generalisation, and being combined with more re-
cent methods (e.g. transformer-based reinforcement learn-
ing or federated learning to manage distributed energy)
are all areas of potential expansion. Also, more rigorous
research into fault tolerance, Al-driven cybersecurity, and
lifecycle energy analysis in a variety of environmental fac-
tors would enhance the applicability of the practice.
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