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Abstract: This study investi¢ute. the e ergy efficiency of an electric motor—inverter sys-
tem operating under variable 'oad concitions. The aim of the research is to develop and
evaluate an Al-based suyer.isoiry method for identifying inefficient operating modes and
optimizing contre® parame cer’, using real-time electrical and operational data. Unlike con-
ventional motc: cor’.ol studies, which mainly focus on torque ripple, flux regulation, or
speed response, tr.ororosed approach considers the motor, inverter, load, and control al-
gorithm as a single e.iergy-efficiency-oriented system. The input vector of the model in-
cludes voltage, current, inverter frequency, rotational speed, electromagnetic torque, tem-
perature, load level, power factor, and total harmonic distortion. The output variables are
system efficiency, total power loss, and the classification of the operating mode as either
efficient or inefficient. The proposed method was evaluated under 24 steady-state operating
modes formed by four load levels and six inverter frequency values. Under the most ineffi-
cient tested operating condition, the overall system efficiency increased from 78.3% to
90.2% after Al-based optimization, while energy consumption decreased from 118 kWh to
88 kWh. In addition, the power factor improved from 0.76 to 0.94, total harmonic distortion
decreased from 15% to 5%, and inverter switching losses decreased from 8% to 3%. The
results confirm that the proposed method can identify inefficient operating states and sup-
port the selection of energy-efficient control parameters. The main limitation of the study
is that the validation was performed using one motor—inverter configuration and mainly
under steady-state conditions. Therefore, future research should include transient load
changes, different motor power ratings, and embedded real-time implementation.

Key words: artificial intelligence, electric motor, inverter system, energy efficiency, inef-
ficient operating mode, real-time data, power loss
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1. Introduction

Improving the energy efficiency of electric motors and inverter systems is one of the current
scientific issues in the fields of modern energy, industrial automation, and intelligent control.
Electric motors are widely used in pumps, fans, compressors, conveyors, robotic systems, and
electric vehicles (Fig. 1). According to the International Energy Agency, electric motors and
their associated systems account for more than 40% of global electricity consumption, while
approximately 25% of the energy used in these systems can be saved through economically
feasible methods [1-5]. This indicator demonstrates the importance of this topic in terms of
energy saving, reducing industrial costs, and lowering carbon dioxide emissions.

Energy Efficiency of Electric Motors and Inverter Syficims
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Fig. 1. Conceptual framework for improving the energy efficiency of electric motor and inverter systems

In the industrial sector, electric motor systems play a particularly important role. According
to UNIDO, electric motor systems account for approximately 60—-70% of industrial electricity
consumption [6-9]. Most of these systems operate with inverter-based control, since inverters
make it possible to regulate motor speed, torque, and adaptation to load variations. The use of
variable-frequency drives can reduce electricity consumption in pump, fan, and compressor
systems by an average of 20-30%, and in some cases by up to 50% [10, 11]. Therefore,
improving the efficiency of motor—inverter systems is considered one of the key directions of
industrial energy management.

At the same time, under real production conditions, electric drives do not operate in a constant
nominal mode, but under variable load, heating, mechanical wear, voltage fluctuations, and
harmonic distortion. Such factors affect electrical and magnetic losses in the motor, switching
losses in the inverter, the power factor, and overall efficiency. The IEC 61800-9 standard
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indicates the need to assess the energy efficiency of electric drives not only at the level of an
individual motor, but as a complete power drive system [12—14]. This means that, in order to
improve energy efficiency, the motor, inverter, load, and control algorithm must be studied as
an integrated system.

Artificial intelligence methods represent a promising approach to solving this problem. Al
algorithms can process data such as motor current, voltage, frequency, rotational speed, torque,
temperature, and load variations, enabling the identification of high-energy-consumption
operating modes, load forecasting, and the selection of optimal control parameters. According to
estimates by the International Energy Agency, the optimization of industrial processes using Al
may reduce energy costs in energy-intensive sectors by 3-10 percentage points [15-17].
Therefore, the development of Al-based control methods for electric motors and inverter systems
is important from both practical and scientific perspectives.

In this regard, improving the energy efficiency of electric motars‘und inverter systems using
Al remains a relevant contemporary scientific topic. Researc..*si his area can contribute to
reducing energy consumption, improving the reliability of cler ric urives, extending equipment
service life, and lowering industrial costs. Therefore, cciidccting research on the development
and evaluation of Al-based energy-efficient control ri athc ds for electric motors and inverter
systems is considered highly relevant.

The scientific novelty of this study is i octimicu to the use of an artificial intelligence
algorithm as a data-processing tool. The novel.  lies in the development of an energy-efficiency-
oriented supervisory method for the inte_rated inotor—inverter—load system. In contrast to many
existing ANN-, RL-, and predictiva-tentral-based studies that primarily focus on torque ripple
reduction, flux control, speed e<timction, or dynamic response improvement, the proposed
method directly links real-tineC 2lectrical and operational measurements with energy-efficiency
indicators such as tota'’power/10¢5, power factor, harmonic distortion, motor temperature, and
system efficiency.

The main contributic> . this study is threefold. First, the motor, inverter, load, and control
algorithm are considered as a single energy-conversion system rather than as separate
components. Second, the proposed Al-based method simultaneously performs efficiency
prediction, power-loss estimation, and classification of operating modes into efficient and
inefficient states. Third, the method provides a supervisory decision layer for selecting more
energy-efficient control parameters under variable load conditions. Therefore, the proposed
method is positioned as an energy-efficiency optimization layer that complements conventional
inverter control rather than replacing the inner torque, flux, or speed control loops.

2. Literature review and problem statement
Khan M.Y.A. (2025) [18] examines advanced motor drive systems in electric vehicles,

including their integration, energy efficiency, and thermal management. The author shows that
the efficiency of a motor system depends not only on the motor itself, but also on the inverter,
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control strategy, power conversion process, and cooling system (Table 1). Under real operating
conditions, load variations, temperature rise, and switching losses in the inverter may reduce the
efficiency of the system. Therefore, real-time analysis of the operating parameters of electric
motors and inverter systems, together with the application of data-driven intelligent control
methods, is an important direction for improving energy efficiency.

Table 1. Evaluation of efficiency indicators of the electric motor—inverter system

1 Motor efficiency, % 90 86 93 +7%
2 Inverter efficiency, % 95 91 97 +6%
3 Overall system efficiency, % 85.5 78.3 |— p 90.2 +11.9%
4 Electricity consumption, kwWh 100 178 < 88 =30 kWh
5 Inverter switching losses, % 4 k \_ 3 —5%
6 Motor temperature, °C 70 92 68 —24°C
7 Load variation, % 5\— 80 45 -35%
8 Power factor 0.88 0.76 0.94 +0.18
9 | Total harmonic distortion, Ti'D, ‘;r 8 15 5 -10%
10 Energy sav.ngs, % \ 0 0 15-25 +15-25%

The table shows thatv varameters such as motor efficiency, inverter efficiency, switching
losses, temperature, load variation, and total harmonic distortion directly affect the efficiency of
the electric motor—inverter system. As a result of Al-based optimization, the overall system
efficiency increases from 78.3% to 90.2%, while energy consumption decreases from 118 kWh
to 88 kWh, confirming that energy savings may reach the level of 15-25%.

Tsotoulidis S. et al. [19] examined current trends in standards and regulatory requirements
related to the energy efficiency of electric drives. The authors show that the IEC 61800-9
standard provides a basis for assessing and classifying the efficiency of adjustable electric drives,
complete drive modules, and motor systems. In this approach, energy efficiency is evaluated not
only at the level of an individual motor, but as a complete interconnected system consisting of
the motor, inverter, power electronics, and load. However, standards mainly define assessment
and compliance requirements, while they do not fully address the automatic real-time
optimization of control parameters under variable load conditions. Therefore, complementing
standard energy efficiency assessment with artificial intelligence-based intelligent control
methods is considered a relevant direction.
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Qiu W. et al. [20] comprehensively reviewed the main directions of applying artificial
intelligence methods in electric motors. The authors show that neural networks, fuzzy logic,
optimization algorithms, and data-driven models can be effectively used in motor design,
control, diagnostics, and condition monitoring. These methods make it possible to evaluate the
energy efficiency of a motor—inverter system by analyzing the relationship between input power,
output mechanical power, and internal losses:

Pout(t) — To(H) wp (L) — _ PCu(t)+PFe(t)+Psw(t)+Pcond(t)+Pmech(t) (1)
Pin(t) Vae(©)Igc(®) Pin(t) '

Nsys ® =

where: #sys(t) is the time-varying overall efficiency of the motor—inverter system, Te(t) is the
electromagnetic torque, wm(t) is the mechanical angular speed, and Vqc(t) and I are the voltage
and current in the DC link of the inverter, respectively. Here, Pcu, Pre, Psw, Pcond, and Pmech
represent copper losses, core losses, inverter switching losses, condu :tic::'osses, and mechanical
losses, respectively. This equation enables the Al model to evaluace thainain sources of energy
loss separately.

In addition, artificial intelligence methods process parar.:c<er¢ such as motor current, voltage,
rotational speed, torque, temperature, and load varig ion 0 assess the dynamic state of the
system. The motor—inverter system can generally oe occeiibed using the following nonlinear
dynamic model:

x(t) = f(x(t), u(®), d(®), 0(0) + v(t), y(t) =gx@®),u®)+v®), (2

where: x(t) is the system state vactar, \(t) is the control input, d(t) is the load or external
disturbance, 6(t) represents variauans i) motor and inverter parameters, w(t) is model
uncertainty, v(t) is measurement rixise, ana y(t) is the output data vector obtained from sensors.
This model makes it pessibie 20 ~ccount for factors such as load variation, temperature rise,
mechanical wear, ane" volt«<ge \!uctuation under real industrial operating conditions.

The main objective f A'-pased control is to reduce the energy consumption of the motor—
inverter system while maintaining control quality and stability. Therefore, the optimal control
problem can be expressed by the following objective function:

]* = minu(t) fOT[aploss(t) + .B(wref(t) - wm(t))z + V(Tref(t) - Te(t))z + 6”Au(t)”2] dtv (3)

Ploss(t) = PCu(t) + PFe(t) + Psw(t) + Pcond(t) + Pmech(t)l (4)

where: J* is the objective function to be minimized, Pioss(t) is the total power loss, wrer () and
wm(t) are the reference and actual rotational speeds, Trr (t) and Te(t) are the reference and actual
torque values, and Au(t) represents sudden changes in the control signal. The coefficients «, 3,
y, and o are weighting factors that account for energy loss, speed error, torque error, and control
signal stability, respectively.

Thus, the Al methods presented in study [20] are important not only as tools for motor control
or diagnostics, but also as instruments for real-time assessment of the energy efficiency of
motor—inverter systems, loss reduction, and optimization of control parameters. Therefore, the
research should not be limited to the development of an Al model alone, but should also focus
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on the comprehensive evaluation of its impact on the energy efficiency, stability, and control
quality of a real motor—inverter system.

Ahmed H. and colleagues (2025) [21] examined the optimization of energy consumption in
motor-driven systems using variable frequency control, soft starters, and machine learning-based
forecasting methods. The authors demonstrate that variable frequency control is an effective
approach for reducing energy consumption under variable motor load conditions. According to
the results of the study, energy savings can reach up to 36.1% under certain operating modes,
while this value may increase to 42.9% when combined with soft starter operation. These
findings confirm that flexible adjustment of control parameters plays an important role in
improving the energy efficiency of motor—inverter systems. At the same time, although the study
mainly focuses on the assessment and forecasting of energy consumption, the real-time closed-
loop optimization of inverter parameters such as frequency, voltage, rc:ational speed, and torque
using artificial intelligence is not fully addressed. Therefore, to_fu.uier develop this research
direction, it is necessary to apply machine learning algorithms t::2*Ccn predict load variations in
advance, continuously analyze the operating state of the me(or, aia automatically adapt control
parameters. Such an approach would not only improve thcer.nrey efficiency of the motor system
but also enhance its stability, reliability, and control au lity

Azab M. (2025) [22] provides a review of reci nt trands in high-efficiency induction motor
drives. The author emphasizes the importanc? ¢iadvaiiced control strategies, inverter-fed drive
systems, and intelligent algorithms in improvi 'y the energy efficiency of induction motors. The
study shows that sensorless control, pred ctive control, vector control, and artificial intelligence-
based methods can improve the tcrquenresponse of the motor, stabilize speed, reduce energy
consumption, and enhance syster | stehility under variable load conditions. At the same time,
many of the high-efficiencyv"canual approaches discussed in the study have mostly been
evaluated at the level o7 simulticii, theoretical analysis, or laboratory testing. In real industrial
environments, motor ~oe‘ation 1s affected by factors such as sudden load variations, harmonic
distortion, inverter switcting losses, temperature-dependent parameter deviations, and
mechanical load instability. These conditions indicate that the assessment of energy efficiency
in induction motor drives should not be limited to idealized models. Therefore, Al-based control
methods should be evaluated using directly measurable electrical and operational parameters,
including current, voltage, frequency, rotational speed, torque, temperature, and power losses.
This approach makes it possible to assess the efficiency of induction motor—inverter systems
under conditions close to real industrial operation and to improve the practical applicability of
intelligent control algorithms.

Sahu A. et al. (2021) [23] proposed an adaptive neural-network-based discrete model
predictive direct torque and flux control method for an induction motor drive. This approach
enables real-time regulation of torque and flux, reduces torque ripple by approximately 10-25%,
shortens the speed settling time by 15-30%, and improves control accuracy under dynamic load
conditions. However, the adaptation of this method to motors with different power ratings and
inverter configurations has not yet been fully resolved. This is because motor losses depend on
several nonlinear factors, such as stator current, rotor flux, switching frequency, temperature,
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and magnetic saturation. Therefore, future studies should evaluate the model at different load
levels, including 25%, 50%, 75%, and 100%, as well as under various speed operating modes.

Szoke E. et al. (2025) [24] proposed an Al-based sensorless dual-field-oriented control
(DFOC) method for induction motors. In this approach, the adaptation mechanism of the
classical MRAS observer is replaced with ANN and RNN neural networks, while the control
structure is reduced from 4 regulators to 2 regulators. As a result, the system is simplified by
approximately 50%, the accuracy of speed estimation increases by 10-20%, and parameter
sensitivity decreases by 15-30%. However, at low speeds, under sudden load variations, and in
the presence of signal noise, the estimation error may increase to 5-10%. Therefore, this method
should be integrated with real-time error compensation and online energy-efficiency monitoring
algorithms.

Saleeb H. et al. (2022) [25] applied an ANN-based control metiad to an induction motor
drive used in an electric vehicle propulsion system. This approach iiiipre ses conventional DTC
control, reducing torque ripple by approximately 15-30%, flu-<pple by 10-25%, and speed
settling time by 20-35%. It may also reduce energy consumz.ac « by about 5-12% under different
load conditions. However, the study mainly focuses on.ciec.sicsvehicle propulsion. In industrial
motor — inverter systems, the load often remains within?0-1)0% for long periods, while thermal
effects can change motor parameters by 5-15% Thirefore, ANN-based control should be
adapted to industrial applications and integre ‘ecsvitriieal-time energy-efficiency monitoring.

Kazemikia D. (2024) [26] examined the ap. “rication of reinforcement learning (RL) methods
in motor control. RL enables the develop nent 0. adaptive control strategies under nonlinearities,
parameter uncertainties, and loac, vasiadons. This approach may reduce torque ripple by
approximately 10-25%, shorter spaed ettling time by 15-30%, and decrease energy
consumption by 5-15%. HoyCier, ‘raining an RL agent may require up to 10°-10° simulation
iterations. Therefore, itshoudirsube trained in a simulation environment and then applied to a
real motor — inverter ./stem with safety constraints.

Georginio Ananganc-/Auvarado et al. (2025) [27] analyzed RL methods for energy
management in electric vehicles during 2016-2024. Algorithms such as Q-learning, DDPG,
TD3, and SAC can reduce energy consumption by approximately 5-20% and battery load by
10-15%. However, the study mainly focuses on vehicle-level energy management. Therefore,
RL methods should be adapted to motor—inverter systems to reduce inverter losses by 5-12%,
maintain stable torque and speed, and monitor energy efficiency under 25-100% load conditions.

To clarify the position of the proposed method relative to existing Al-based and advanced
control approaches, Table 2 summarizes the main differences between the reviewed studies and
the present work. This comparison shows that the proposed method does not aim to replace
established torque, flux, or speed control algorithms. Instead, it introduces an additional energy-
efficiency-oriented supervisory level that uses real-time electrical and operational parameters to
detect inefficient operating modes and support the selection of control parameters with lower
energy losses.

Table 2. Positioning of the proposed method relative to existing advanced control approaches
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Study/approach

Main method

Main focus

Limitation from
the perspective of
this study

Difference of the
proposed method

Sahu et al. [23]

Adaptive neural-
network-based
predictive direct
torque and flux
control

Torque and flux
regulation, torque
ripple reduction,
dynamic response
improvement

Energy-efficiency
indicators such as
power factor, THD,
inverter losses, and
total system
efficiency are not
the main
optimization targets

Focuses on real-
time energy-
efficiency
assessment, total
loss estimation, and
inefficient mode
detection for the
complete motor—
inverter system

Saleeb et al. [25]

ANN-based control
for induction motor
drive

Improvement of
DTC performance
in electric vehicle

propulsion

Kazemikia [26]

Reinforcement
learning for motor
control

Adapt . control
under no linearities
ad uncertainties

Mainly focused on
EV propulsizn and
dynamic o)
qualiy; limizcd
consiuerat on of
‘ndv.striar motor—
“ave'ier energy
monitoring

Uses electrical and
operational
parameters to
optimize efficiency
under industrial
load conditions

RL training may
require many
simulation
iterations and
additional safety
constraints before
real implementation

Uses a supervised
data-driven
supervisory layer
with lower
implementation
complexity for
efficiency-oriented
control

Anangano-
Alvarado et al. [27]

i!_-",ased.energy
I anayement

Vehicle-level
energy
management and
battery load
reduction

Focused on system-
level EV energy
management rather
than inverter-fed
industrial motor
efficiency

Applies energy-
efficiency
optimization
directly to the
motor—inverter
operating mode

Conventional
inverter control

Fixed or pre-set
control parameters

Speed and
frequency
regulation

Limited adaptation
to temperature rise,
harmonic
distortion, power
factor decrease, and

load variation

Continuously
evaluates
efficiency-related
parameters and
identifies
inefficient
operating modes

Proposed method

Al-based
supervisory
efficiency
optimization

Efficiency
prediction, power-
loss estimation, and

inefficient mode
classification

Validated on one
motor—inverter
configuration and
mainly under
steady-state modes

Integrates real-time
motor, inverter,
load, and power-

quality parameters
into one energy-

efficiency-oriented

decision layer
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Recent studies also demonstrate that optimization algorithms can improve the efficiency and
control quality of electromechanical and renewable-energy conversion systems under variable
operating conditions. Zemmit et al. [28] proposed an improved direct torque control method for
a doubly fed induction machine using a genetic-algorithm-based PI controller. Their results show
that optimization-based tuning of control parameters can improve torque response and reduce
control errors in induction machine drives. In another study, Zemmit et al. [29] developed a
direct torque control strategy for a dual-star induction motor using the Grey Wolf optimization
technique. This confirms that metaheuristic optimization methods can be effectively applied to
improve the control performance of electric drive systems.

In addition, optimization-based approaches have been applied in renewable-energy systems
operating under non-stationary conditions. Loukriz et al. [30] used the Red-Tailed Hawk
algorithm for optimal photovoltaic reconfiguration in irrigation systcms under partial shading
conditions, while Loukriz et al. [31] investigated efficiency enharicem:nt in PV-based green
hydrogen systems under partial shading conditions. Althoug:' *'ic.e studies are not directly
focused on motor—inverter systems, they confirm the  boadger relevance of intelligent
optimization methods for improving energy conversion-cfficterCy under variable and uncertain
operating conditions. Therefore, the integration of "\I-b sed prediction, optimization, and
supervisory decision-making remains a promising' lirecion for improving the energy efficiency
of electric motor—inverter systems.

The reviewed literature confirms that elec “ic motors and inverter systems have significant
energy-saving potential, and that ANN-, R_-, fuzzy-logic-, and predictive-control-based
methods can improve different aspeca..f motor-drive performance. However, most existing
approaches are primarily aimed. it tc:que ipple reduction, flux regulation, speed estimation,
dynamic response improvemsiio. 01 \ehicle-level energy management. In contrast, the problem
of real-time energy-effiLiency-rixited supervision of the complete motor—inverter—load system
remains insufficiently ad7essea. In particular, the combined influence of load variation, inverter
switching losses, harmoi.ic-uistortion, power factor reduction, temperature rise, and total power
losses is rarely considered within one integrated Al-based decision framework.

Therefore, the research problem addressed in this study is the development and evaluation of
an Al-based supervisory method that uses real-time electrical and operational data to identify
inefficient operating modes, estimate power losses, predict system efficiency, and support the
selection of energy-efficient control parameters under variable load conditions.

3. The aim and objectives of the study

The aim of the study is to develop and evaluate an Al-based supervisory method for
improving the energy efficiency of an electric motor—inverter system under variable load
conditions using real-time electrical and operational data.

To achieve this aim, the following objectives are formulated:



This paper has been accepted for publication in the AEE journal. This is the version,
which has not been fully edited and content may change prior to final publication.
Citation information: DOI 10.24425/aee.2026.1736

— to analyze the operating parameters of the electric motor—inverter system and identify the
main factors affecting energy efficiency, including load variation, inverter switching losses,
harmonic distortion, temperature rise, power factor variation, and total power losses;

— to develop an Al-based supervisory model that uses voltage, current, inverter frequency,
rotational speed, electromagnetic torque, temperature, load level, power factor, and total
harmonic distortion to predict system efficiency, estimate power losses, and classify operating
modes as efficient or inefficient;

—to compare the proposed Al-based method with conventional inverter control and selected
advanced data-driven approaches in terms of energy-efficiency indicators, prediction accuracy,
and dynamic response metrics;

— to evaluate the sensitivity, computational feasibility, limitations, and practical applicability
of the proposed method for real-time energy-efficiency improvement.cf motor—inverter systems.

4. Materials and methoo.

The study was conducted based on theoretical moc-=llir 3, software-based calculations, and
experimental validation to evaluate the energy eff cienty of the electric motor—inverter system
and to verify the artificial intelligence-base.! centror method. The object of the study was an
electric motor—load system controlled by an ir erter. The system was considered not as a set of
separate elements, but as an integratea electrumechanical complex consisting of an electric
motor, an inverter, a load, and a coi.‘rora'coarithm. In general, Fig. 2 below presents the structural
diagram of the method for evaluat ng e en »rgy efficiency of the electric motor—inverter system
and implementing artificial iric.'ige2ce-based control.

Struc ‘ura”diagram for evaluating the energy efficiency of the electric
mota’—inverter system and Al-based control method
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The main measured parameters included voltage, current, inverter frequency, rotational
speed, electromagnetic torque, temperature, load level, power factor, and total harmonic
distortion. The measurement ranges were defined as follows: voltage of 0-400 V, current of
0-20 A, inverter frequency of 10-60 Hz, rotational speed of 300-1500 rpm, torque of
0—20 N'm, temperature of 40—90°C, load levels of 25%, 50%, 75%, and 100%, power factor of
0.75-0.95, and total harmonic distortion within the range of 5-15%.

The experiment was organized to cover different operating modes of the electric motor—
inverter system. The load level was varied at four values, namely 25%, 50%, 75%, and 100%,
while the inverter frequency was set to 10, 20, 30, 40, 50, and 60 Hz. Thus, a total of 24 operating
modes were formed. For each mode, the measurement duration was at least 60 s, and the data
acquisition frequency was set at 1 Hz. As a result, at least 60 measurz:sient points were obtained
for each operating mode, and at least 1 440 data points were collecicu a'ross all modes. These
data were used to characterize partial-load, near-nominal, and i e¥7.c 2nt operating modes of the
motor. The experimental validation in this study was primar.ty..ocused on steady-state operating
modes. Each load—frequency combination was measurca 1.2 least 60 s, which allowed the
evaluation of stable efficiency, power loss, power factor, te nperature, and harmonic distortion
indicators. This approach was selected because thi main objective of the study was to evaluate
energy-efficiency improvement under repres ritive vperating conditions.

However, transient operating conditions, s\ .n as sudden load steps from 25% to 100%, rapid
acceleration, braking, or short-term o ‘erloat, were not fully investigated in the present
experimental campaign. Therefore, thicak:ained results should be interpreted mainly as steady-
state energy-efficiency validation' Trcasier: response indicators, including torque ripple, speed
settling time, and efficiency <coovery time, are included as additional evaluation criteria and
should be investigated.i\i more'de il in future experimental studies.

The experimentai tes. bencn (Fig. 3) consisted of an electric motor, an inverter unit, an
oscilloscope, a power ai.xlvzer, a digital multimeter, a clamp meter, a measurement module, a
switching module, a coupling, a test platform, connection cables, and a signal interface module.
The power analyzer was used to record voltage, current, active power, reactive power, apparent
power, and power factor. The oscilloscope was used to monitor the signal waveform at the
inverter output, pulse variations, and signs of harmonic distortion. The clamp meter was used to
measure the phase current, while the temperature sensor was used to monitor the heating level
of the motor. The measuring instruments enabled real-time recording of electrical and
operational parameters.
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Fig. 3. Experimental test bench of the electric motor—inverter systei. "« — electric motor; 2 — inverter

unit; 3 — oscilloscope; 4 — power analyzer; 5 — digital multimet_r; ¥ — Ciamp meter; 7 — measurement

module; 8 — switching module; 9 — coupling; 10 — test platfarn 11~ connection cables; 12 — signal
interface modul

During theoretical modelling, the energy=fficicncy of the system was characterized by the
ratio between the input electrical power and  he ouput mechanical power. The input electrical
power was determined using the following equ tion:

P = Ulcoseg, ®)

where: Pjn is the input electrical pawer, W, U is the voltage, V; | is the current, A; and cosg is
the power factor. The ou*puti neci anical power was calculated as the product of electromagnetic
torque and angular v ocity

Pout = Tewm7 (6)

where: Poy is the output mechanical power, W; Te is the electromagnetic torque, N-m; and ®m
is the mechanical angular speed, rad/s. The angular velocity was determined from the rotational
speed of the motor using the following formula:

2mn
Wy, = El (7)

where wm is the mechanical angular speed, rad/s; n is the rotational speed of the motor, rpm. The
overall energy efficiency of the system was calculated as the ratio between the output and input
power:

Myys = 22 X 100%, )

where #sys is the overall efficiency of the system, %. The total power loss was determined as the
difference between the input electrical power and the output mechanical power:
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Ploss = Pin - Poutv (9)

where Py is the total power loss, W. The model considered copper losses, magnetic losses,
switching losses in the inverter, conduction losses, and mechanical losses. The total loss was
expressed as follows:

Ploss = PCu+PFe +Psw +Pcond +Pmechv (10)

where: Pc, represents copper losses; Pre represents magnetic losses; Psy represents switching
losses; Pcong represents conduction losses; and Pmech represents mechanical losses. The following
vector was provided as the input parameters to the artificial intelligence model:

X=1[U1If,nT,0,L,cosp, THD], 11)

where: U is the voltage; | is the current; f is the inverter frequency; i .i="u 2 rotational speed; T is
the electromagnetic torque; 6 is the temperature; L is the load leyel:.~9sy 1s the power factor; and
THD is the total harmonic distortion. The output parametersof tha‘model were defined as the
system efficiency, total power loss, and the operating mode*atu:, namely efficient or inefficient
operation. During data preprocessing, all parameters v ere {‘rought to a common scale. For this
purpose, the following normalization formula was/applicd.

v—
Xniu

Xnorm T 7 T,
max —Xmin

(12)

where: Xnorm IS the normalized value; x'is the ‘iitial value; Xmin is the minimum value of the
parameter; and Xmax iS the maximem vatie of the parameter. This made it possible to input
parameters with different units of‘ neas ren 2nt, such as current, voltage, frequency, temperature,
and load, into the artificial intZn ~ei.ze model in a unified form. The software-based calculations
were performed in the " ython (:nvironment.

4.1. Al model architectux and supervisory control logic

The proposed Al model consists of three functional blocks: a regression block, a
classification block, and a supervisory decision block. The regression block predicts the overall
system efficiency and total power loss using real-time electrical and operational input data. The
classification block identifies whether the current operating mode is efficient or inefficient
according to predefined energy-performance criteria. The supervisory decision block uses the
predicted efficiency, estimated losses, and operating-mode class to recommend a correction of
inverter operating parameters within predefined safety constraints.

The proposed Al-based method was developed as a supervisory energy-efficiency
optimization layer for the electric motor—inverter system. The method does not replace the inner
inverter control loops responsible for speed, torque, current, or frequency regulation. Instead, it
operates at a higher decision-making level and evaluates the current operating state of the motor—
inverter system using real-time electrical and operational data.
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The input vector of the Al model includes voltage, current, inverter frequency, rotational
speed, electromagnetic torque, motor temperature, load level, power factor, and total harmonic
distortion:

X(@®) = [U@®), 1), £ (), n(®), T.(t), 6 (1), L(t), cosp (), THD()], (13)

where: X(t) is the time-dependent input vector of the Al model; U(t) is the voltage; I(t) is the
current; f (t) is the inverter frequency; n(t) is the rotational speed; Te(t) is the electromagnetic
torque; A(t) is the motor temperature; L(t) is the load level; cose(t) is the power factor; and
THD(t) is the total harmonic distortion.

Since the input parameters have different physical units and measurement ranges, all
variables are normalized before being supplied to the Al model:

SO e a4
where: Xlhorm(y is the normalized value of the i-th input parawictar;vit) is the measured value of
the i-th input parameter; Ximin and Ximax are the miniroum and maximum values of the
corresponding parameter in the dataset, respectively.

The Al model has two main functions: regre‘sion.and classification. The regression part
predicts the overall system efficiency ani “*atal nower loss, while the classification part
determines whether the current operating mci71s efficient or inefficient. In general form, the
model can be written as:

VU; § FAI(Xnorm(t))l (15)

where Fy; is the trained artifici='inc2lligence model and X, (t) is the normalized input vector.
The output vector of'the iacde is defined as:

?(t) = [ﬁsys (t), ﬁloss(t)' Cmode (t)], (16)

where: Y(t) is the predicted output vector of the Al model; #sys is the predicted system
efficiency; Pioss(r) IS the estimated total power 10ss; and Cmode(y) IS the operating mode class, which
indicates efficient or inefficient operation.

If the operating mode is classified as inefficient, the supervisory layer recommends a
correction of the inverter operating parameters. The updated control command can be expressed
as:

unew(t) = uold(t) + AuAl(t)! (17)

where: uqq(t) is the previous control command, Au(t) is the recommended correction, and
Unew (t) s the updated control command.

The recommended control command must satisfy the technical constraints of the motor—
inverter system:

Umin < U(t) < Umax: Imin < I(t) < ImaX' fmin < f(t) < fmax' G(t) < emaXi (18)
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where: Unin and Umax are the minimum and maximum allowable voltage values; Imin and Imax are
the minimum and maximum allowable current values; fmin and fmax are the minimum and
maximum allowable inverter frequency values; and 6max is the maximum allowable motor
temperature.

Thus, the complete operation of the supervisory Al algorithm can be summarized as:

X(t) - Xnorm (t) - [ﬁsys(t)' Ploss (t)' Cmode(t)] - AuAI(t) - unew(t)l (19)

where: X(t) is the input vector of measured parameters; Xnorm) iS the normalized input vector;
sys(ty 1S the predicted system efficiency; Piossy iS the estimated total power 10SS; Cmodeg IS the
operating mode class; Auai(t) is the Al-recommended control correction vector; and Unew(y is the
updated control command vector.

The proposed method therefore provides energy-efficiency-oriericd decision support for the
inverter control system. It is not intended to generate gate-level switciino. signals for the inverter.
The low-level inverter controller remains responsible for fact<Cui ent regulation, switching
operation, and basic drive stability, while the Al-based su‘er.isory layer evaluates the energy
state of the complete motor—inverter—load system and supr2+is the selection of more energy-
efficient operating conditions. To clarify the imnlimertation sequence of the proposed
supervisory method, the main stages of data acquisi:ion, »reprocessing, normalization, efficiency
prediction, power-loss estimation, mode clas itic »*ion, supervisory decision-making, and safety
verification are summarized in Table 3.

Table 3. Main stages of vt -oposed Al-based supervisory method

Stage Inp 't daa Processing action Output

Jetar ¢, current,
friquer.cy, speed, torque,
temr_rature, load, power

factor, THD

Real-time collection of
electrical and operational |Raw measurement vector
parameters

1. Data acquisitior

Filtering, checking of
2. Preprocessing  |Raw measurement vector| missing values, unit Corrected data vector
consistency verification

Min—-max normalization
3. Normalization Corrected data vector of parameters with Normalized input vector
different units

Estimation of system
4. Efficiency prediction| Normalized input vector |  efficiency using the Predicted nsys
trained Al model

Estimation of total power

5. Power-loss estimation| Normalized input vector loss

Predicted ploss

Classification of
6. Mode classification | #sys, Pioss, C0Sp, THD, 6 operating state as Cmode
efficient or inefficient
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Cmode and safety Seleqtpn of energy- Recommended inverter
efficient control

constraints . parameter correction
recommendation

7. Supervisory decision

Verification of voltage,
current, temperature, and
frequency limits

Recommended
correction

Accepted or rejected

8. Safety check control recommendation

To reduce the risk of overfitting to repeatable artifacts of a single experimental test bench,
the validation procedure was organized not only as a random point-wise split, but also as a mode-
wise evaluation. In the point-wise split, 70% of the measured data were used for training and
30% for testing. In the mode-wise evaluation, selected load—frequency combinations were
excluded from the training set and used only during testing. This made it possible to evaluate
whether the model could generalize to operating modes that were/not-irectly included in the
training process.

4.2. Computational feasibility of the Al-based method

The computational feasibility of the proposed Al-tased. supervisory method was evaluated
from the perspective of real-time implementatior™wi «>-<iectric motor—inverter system. The
proposed method operates as a supervisory-energy -eff ciency optimization layer and does not
generate gate-level switching signals for the invcioor. Therefore, its computational delay does
not need to be directly comparable with the inverter semiconductor switching period. The
low-level inverter controller remains resp ansible for fast switching, current regulation, and drive
stability, while the proposed Al-tasea  yer updates the energy-efficiency assessment and
control recommendation based or. mea.ureu operating parameters.

In this study, the data.acc lis' . on period was 1 s, which was sufficient for evaluating energy-
efficiency indicators <uch-as ‘vatem efficiency, total power loss, motor temperature, power
factor, and total harmc=ic di<wortion. The Al model used nine input parameters and generated
three outputs: predicted sy.em efficiency, estimated total power loss, and operating mode class.
Since the model works with a small input vector and performs supervisory-level decision-
making, its computational requirements are significantly lower than those of reinforcement
learning controllers or complex neural predictive control algorithms.

The Al-based method was implemented and evaluated in the Python environment using
standard data-processing and machine-learning libraries. The main computational indicators
considered for real-time implementation are inference time, total processing delay, memory
footprint, data acquisition period, and suitability for supervisory control. The computational
characteristics of the proposed method are summarized in Table 4.

Table 4. Computational feasibility indicators of the proposed Al-based method

Indicator Description Value/status
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Implementation environment

Software environment used for
model development and
evaluation

Python, Scikit-learn

Data acquisition period

Time interval between two
consecutive measurement points

ls

Number of input parameters

Size of the Al input vector

Number of output variables

Efficiency, total power loss,
operating mode class

3

Al operating level

Role of the proposed Al method
in the control system

Supervisory energy-efficiency
optimization layer

Control target

Main purpose of Al-based
decision-making

Efficiency improvement and
inafficient mode detection

Inverter switching control

Generation of gate-level
switching signals

.ot performed by the Al model

Low-level inverter control

Fast current regulation anc
switching operation

Al inference time

Time required to obtun themodel
output from one 1 out ) ector

| naformed by the conventional
inverter controller

Less critical than inverter
switching period; should be
measured during embedded

implementation

Total processing delay

Delay from a @ acquisition to
coni-ol recc.nmendation

Suitable for 1 s supervisory
update interval

Memory footprint

Faprevitate memory required
for tr» trained model

Low, due to the nine-parameter
input vector

Real-time suitability

, A,‘oliczﬁlity of the method for
in practical use

Suitable for supervisory-level
monitoring and optimization

Main limitation

Limitation of the current
implementation

Embedded real-time
implementation requires
additional testing

The results in Table 4 show that the proposed Al-based method is computationally feasible
for supervisory-level energy-efficiency optimization. Since the method updates
recommendations at the measurement-data level rather than at the switching-signal level, its
response time is determined mainly by the data acquisition period and the dynamics of thermal
and energy-efficiency indicators. Therefore, the proposed method can be integrated as an
additional monitoring and decision-support layer in an industrial motor—inverter system.
However, direct embedded implementation on a microcontroller, programmable logic controller,
or industrial edge device requires additional testing of inference time, memory footprint, and
communication delay.

The purpose of this validation approach was to verify that the Al model did not simply
memorize repeated measurements from the same operating mode, but could identify inefficient
states using the relationships between electrical parameters, temperature, power quality, and
energy losses. Although this procedure improves the reliability of validation, the use of one
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motor—inverter test bench remains a limitation of the study. Therefore, additional validation on
motor drives with different power ratings and inverter manufacturers is required in future work.

The NumPy library was used for numerical calculations, Pandas for processing data tables,
Scikit-learn for training and testing the artificial intelligence model, Matplotlib for graphical
analysis, and SciPy for mathematical processing. The collected dataset was divided into 70%
training data and 30% testing data. For a total of 1 440 data points, 1 008 data points were used
to train the model, while 432 data points were used to test the model. This division was applied
to evaluate the model’s ability to adapt not only to the training data but also to new testing data.
The adequacy of the proposed model was verified by comparing the measured and predicted
values. During validation, the mean absolute error, mean squared error, mean relative error, and
coefficient of determination were used. The mean absolute error was calculated using the
following formula:

MAE = -3, ly; = 9], (20)

where: MAE is the mean absolute error; N is the number of dz.anoints; y; is the measured actual
value; and ¥; is the value predicted by the model. Th: meai"squared error was determined as
follows:

N

MSE = ~3 % (v = §,)2, (21)

where MSE is the mean squared error. The meai relative error was calculated using the following
formula:

0, N ey

MAPE = ﬂz e, (22)
N i=1! Vi

where MAPE is the:meaii abolute percentage error. The coefficient of determination was

determined using the fo.‘owi’ig equation:

Z?Ll(yrf’i)z

R?=1- ,
L -2

(23)

where R? is the coefficient of determination, and ¥ is the mean value of the actual values. The
following criteria were established as the acceptance conditions for model adequacy:

MAPE < 10%, (24)
R? > 0.90, (25)
A8 < £3°C, (26)
An < +5%, (27)
AP < +5%, (28)
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where: Af is the temperature deviation; An is the rotational speed deviation; and AP is the power
deviation. The proposed Al-based method was tested under the same experimental conditions as
the conventional control approach. In both cases, the load levels, frequency range, measurement
duration, and recorded parameters were kept identical. This approach made it possible to evaluate
the adequacy of the model, its agreement with the measured data, and its applicability under
different load conditions. This section described only the research methods, measurement ranges,
software tools, modelling equations, and validation conditions. Energy savings, efficiency
improvement, and comparative results are discussed in the following section.

5. Results and discussion

The research was conducted at the Department of Electronics, 1 el .communications, and
Space Technologies of Satbayev University from 2023 to 2C?%. ‘he aim of the study is to
develop and evaluate an Al-based method to improve the entro;, efiiciency of the electric motor—
inverter system under variable load conditions using rea’=in.>.24ta. To achieve this, the system's
operating parameters were analyzed, inefficient opera ing. nodes were identified, and control
parameters were optimized.

5.1. Analysis of the operating parameters o. che electric motor—inverter system and
identification of the main factors « ffectir.g energy efficiency

The first objective of the study \as «2.21alyze the operating parameters of the electric motor—
inverter system and to identify tha'mau.. factrs affecting energy efficiency. These factors include
load variation, switching losscs in (e inverter, harmonic distortion, temperature increase, and
total power losses. The‘analys’s was conducted at load levels of 25%, 50%, 75%, and 100%, as
well as at inverter freausicies of 10, 20, 30, 40, 50, and 60 Hz. Thus, a total of 24 operating
modes were considerev.-or each mode, voltage, current, frequency, rotational speed,
electromagnetic torque, temperature, power factor, total harmonic distortion, input power, output
power, system efficiency, and total power losses were evaluated. The results are presented in
Fig. 4.
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Effect of inverter frequency and load level on motor — inverter system
efficiency
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Fig. 4. Comparative analysis of the effect of inverter “icqucney on motor—inverter system efficiency
under different i xad le vels

The obtained results showed that the energ " efficiency of the electric motor—inverter system
directly depends on the load level and ti ¢ operating frequency of the inverter. Under low-load
conditions, especially at 25% loau; thices stem efficiency decreased. In this mode, the power
factor decreased, relative power s sses incr¢ ased, and torque stability deteriorated. At 25% load,
the overall system efficiency w. = approximately 76-80%, while the power factor decreased to
0.75-0.80. This indicues. tni, ~ander partial-load operation, electrical energy is not fully
converted into useful .aecnanical power.

At 50% and 75% locievels, the electric motor—inverter system operated more stably. In
these modes, the system efficiency increased to 83-88%, while the power factor reached
0.84-0.90. The ratio between input electrical power and output mechanical power was balanced.
In addition, total power losses decreased compared with the 25% load mode. This indicates that
medium-load operating modes are more suitable for maintaining the energy efficiency of the
electric motor—inverter system.

At 100% load, although the system operated close to the rated mode, several negative factors
were observed. The motor temperature increased from 68-72°C to 85-90°C, while total
harmonic distortion reached 12-15%. The increase in temperature raised the resistance of the
motor windings and led to higher copper losses. In addition, harmonic distortion at the inverter
output increased magnetic losses and reduced the quality of energy conversion. As a result,
although the output mechanical power increased, total power losses also rose.

The analysis results showed that the main factors reducing the energy efficiency of the
electric motor—inverter system were partial-load operation, high harmonic distortion,
temperature rise, switching losses in the inverter, and a decrease in the power factor. Under
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inefficient operating modes, total power losses increased by approximately 18-30% compared
with stable modes. In particular, switching losses in the inverter increased from 3—4% to 7-8%,
while total harmonic distortion rose from 5-8% to 12-15%. These changes directly affected the
overall system efficiency and confirmed the need for real-time monitoring of electrical and
operating parameters. The main factors affecting system efficiency are summarized in Table 5.

Table 5. Effect of operating parameters on the energy efficiency of the electric motor—inverter system

. Stable operating Inefficient .
Operating factor range operating range Effect on system efficiency
Load level 50-75% 2506 or 100% | -OW load increases relative losses, while
full load increases thermal losses
A decrease /7»the power factor increases
Power factor 0.84-0.94 0.75-0.80 reactive . 2er nd reduces efficiency
Total harmonic 0 0 Harmhni="Uistortion increases magnetic
distortion, THD 5-8% 12-15% ~, and thermal losses
o o “ em Jerature rise increases winding
Motor temperature 65-75°C 85-90°C resistance and copper losses
Switching losses in 3-4% 7_8( wicreased switching losses reduce useful
the inverter . N output power
Total power losses | Low or moderate | 18— %0 higher Reduces overall energy efficiency

The results of this section showed trias e electric motor, inverter, load, and control algorithm
should be considered as a single: nteyrater system. Evaluating the actual energy efficiency of
the system only by the nomi“iay ~fiiziency of the motor is not sufficient. Under real operating
conditions, the inverte: frequincy, load variation, temperature rise, harmonic distortion, and
switching losses joinu ‘. «etermine the actual energy performance of the system. Thus, the first
objective of the study wac 7chieved; namely, the main parameters and operating modes that have
the greatest influence on the energy efficiency of the electric motor—inverter system were
identified.

5.2. Development and evaluation of an Al-based method for identifying inefficient
operating modes and optimizing control parameters

The second objective of the study was to develop an Al-based method that uses real-time
data on current, voltage, frequency, rotational speed, torque, temperature, load, power factor,
and total harmonic distortion. The goal of this method is to identify inefficient operating modes,
optimize control parameters, and evaluate its effectiveness under different load conditions. The
input vector of the Al model consisted of nine parameters: voltage, current, inverter frequency,
rotational speed, electromagnetic torque, temperature, load level, power factor, and total
harmonic distortion. The output parameters of the model were system efficiency, total power
loss, and the operating mode status, i.e., whether it is efficient or inefficient.
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The data set consisted of 1440 measurement points from 24 operating modes. Of these, 1 008
points were used for training the model, and 432 points were used for testing. The model was
trained to classify operating modes as efficient or inefficient and to predict energy efficiency and
power loss. Validation results showed that the Al-based method could identify inefficient
operating modes with sufficient accuracy. The average absolute percentage error was less than
10%, and the coefficient of determination was above 0.90. This demonstrates that the model
meets the adequacy requirements set in Section 4. The results are shown in Figs. 5 and 6.

Data Type

Training and Testing Data Distribution

Testing Data 432 points

Training Data 1008 points

(00, 600 800 1000
N umber of Points

Fig. 5. Distributic oftral. ing and testing data points in the dataset

Ffficoont and Inefficient Modes Classification
207
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0.6

0.4
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0.24
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Efficient Modes Inefficient Modes

Mode Type

Fig. 6. Classification of efficient and inefficient modes

A comparison of the traditional control method and the Al-based control method showed that
the proposed method improves the energy performance of the electric motor—inverter system. In
traditional control, the inverter typically operates based on pre-set frequency and load
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parameters. In such cases, the system is unable to fully adapt to sudden changes in load, increased
temperature, and rising harmonic distortion. On the other hand, the Al-based method
continuously analyzes the measured parameters in real time and automatically detects inefficient
operating conditions. The comparison is shown in Fig. 7.

Comparison of System Efficiency and Power Loss
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Fig. 7. Comparison of system efficiency be ‘ween artificial intelligence and traditional control methods

The proposed Al method er' bled. effisient selection of inverter frequency, reduction of
unnecessary current increases; s.biization of rotational speed, and limitation of excessive motor
temperature rise. As 7 result’ the overall system efficiency increased from 78.3-85.5% in
inefficient and initiai m~ues *o approximately 90.2% after Al-based optimization. Electricity
consumption decreased 1271 118 kWh in the inefficient mode to 88 kWh, corresponding to an
energy saving of approximately 25.4%. The power factor improved from 0.76 to 0.94, while total
harmonic distortion reduced from 15% to 5%. Additionally, switching losses in the inverter
decreased from 8% to 3%. The comparison results are summarized in Table 6.

Table 6. Comparison of traditional and Al-based control results for the electric motor—inverter system

Traditional/inefficient Al-based
Parameter L Improvement
mode optimized mode
System overall efficiency 78.3% 90.2% +11.9 percentage points
Electricity consumption 118 kWh 88 kWh =30 kWh
Energy saving 0% 15-25% +15-25%
Swﬂchmg losses in 8% 3% —5 percentage points
inverter
Motor temperature 92°C 68°C —24°C
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Power factor 0.76 0.94 +0.18
Total harmonic distortion 0 0 _ .
(THD) 15% 5% 10 percentage points
Load deviation 80% 45% —35 percentage points

The results in Table 6 indicate that the proposed supervisory method reduced energy
consumption, improved power factor, decreased harmonic distortion, and limited excessive
motor heating under the tested operating conditions. The improvement was most noticeable in
inefficient modes, where the conventional control approach was less able to adapt to load
variation, temperature rise, and power-quality deterioration. These results support the use of
Al-based supervisory monitoring for detecting inefficient operating states and selecting more
energy-efficient inverter parameters.

5.2.1. Comparative evaluation with advanced data-driven.ncano Is

To position the proposed method against existing acvzicad approaches, a comparative
evaluation with selected data-driven control methods was inciaded. The comparison considered
conventional inverter control, fuzzy-logic-based «Gccicior control, artificial neural network
regression, reinforcement-learning-based cantrol,. an:. the proposed Al-based supervisory
efficiency optimization method. The compar 'sor. w:as performed in terms of energy-efficiency
indicators, prediction accuracy, implementa ion complexity, and suitability for real-time
supervisory control.

Unlike conventional inverter ceatros which uses fixed or pre-set control parameters, the
advanced algorithms can adap. to ope:ating data. However, their practical use differs
significantly. Fuzzy logic pravic .z inerpretable rule-based decision-making, but its performance
strongly depends on tke qualit;:. o1 expert rules. ANN-based models can provide high prediction
accuracy, but they ma;:“equi‘e larger datasets and careful tuning. Reinforcement learning can
provide adaptive control u'.der nonlinear and uncertain conditions, but it usually requires a large
number of training episodes and safety constraints before real implementation. The proposed
method was designed as a compromise between prediction accuracy, low implementation
complexity, and practical applicability for supervisory-level energy-efficiency optimization.

The comparison results are summarized in Table 7.

Table 7. Comparative evaluation of the proposed method with advanced data-driven approaches

. Energy- - - .
Method Malr_l cc_mtrol efficiency Predlctlon/_d_eusmn Implementgtlon Main limitation
principle focus capability complexity
Fixed Weak adaptation
. . to load,
Conventional | frequency and Does not predict
. Low P Low temperature,
inverter control | pre-set control inefficient modes
arameters THD, and power
P factor variation
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Requires
manually
. Rule-based Can classify designed rules
Fuzzy-logic- i . . 2. .
decision- Medium |operating conditions Medium and may be less
based control - - ;
making using expert rules accurate outside
predefined
conditions
Requires a larger
ANN-based Dr?ct?l_l?r::a\;?n Medium-- Can predict Medium-high ca(igiislettu?l?g ;
regression - high efficiency and losses g g
prediction lower

interpretability

Requires many

Trial-and-error training episodes
optimization High Can learn adaptive and safety

through reward control policy constraints before

Reinforcement-

learning-based righ

control - :
function practical
_i_ implementation
Real-time .
efficiency _ L Valldate_d on one
Proposed Al- rediction. loss Predictecific.anzy, motor—inverter
based prediction, . estimate * loss s, and . configuration and
. estimation, and High e . Medium :
supervisory inefficient ('ascifies yperating mainly under
method mode modes steady-state

conditions

classification

The comparison shows that t* e pianos: d method provides a more suitable balance for the
objective of this study. It does it require the complex training process typical of reinforcement
learning and is more suaptive th:n fixed conventional inverter control. Compared with fuzzy
logic, the proposed mcthad uses measured data rather than only expert-defined rules. Compared
with a general ANN reg.=.sion model, the proposed method combines efficiency prediction,
power-loss estimation, and operating-mode classification within one supervisory decision layer.
Therefore, it is more appropriate for real-time energy-efficiency monitoring and control support
in motor—inverter systems.

5.2.2. Dynamic response indicators and transient-performance limitation

Although the main validation of this study was focused on steady-state operating modes,
additional dynamic response indicators were considered to clarify the control-performance
aspect of the proposed Al-based method. These indicators include torque ripple, speed settling
time, maximum speed deviation, temperature overshoot, and efficiency recovery after a load
change. Such parameters are important because energy-efficient operation should not be
achieved at the expense of poor dynamic response or unstable motor operation.

In the present experimental campaign, the motor—inverter system was evaluated mainly under
24 steady-state operating modes. Therefore, the dynamic indicators in Table 8 are presented as
additional evaluation criteria and as a basis for further transient testing. This distinction is
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important because the proposed Al-based method operates as a supervisory energy-efficiency
layer, while fast torque, current, and switching control remain the responsibility of the low-level

inverter controller.

Table 8. Dynamic response indicators considered for the motor—inverter system

Indicator

Importance for
motor—inverter
control

Conventional
inverter control

Proposed Al-
based supervisory
method

Status in this
study

Torque ripple

Indicates torque
stability and
mechanical

vibration level

May increase under
variable load and
harmonic distortion

Expected to
decrease indirectly
due to reduced
THD and improved
operating-i.0de
selecu' =7

Requires dedicated
transient
measurement

Speed settling time

Shows how quickly
the motor reaches a
stable speed after
disturbance

Depends on fixed
controller settings
and may increase
under sudden loz's
changes

Can eiiroved
uy Suparvisory
-or action of
wiefficient
Jperating states

Requires sudden
load-step testing

Maximum speed
deviation

Indicates the
maximum deviation
from reference
speed during load
variation

Temperature
overshoot

Shows excessi*e
heating duri. 2
overleau
nefficiont

oreratic

May 1.Creose wien
loac <fianges
raj idly

Expected to be
limited by avoiding
inefficient
operating regions

Not fully quantified
in the steady-state
campaign

Hig 1er risk under
full-load or high-
loss conditions

Reduced indirectly
by limiting
inefficient modes
and reducing losses

Partially evaluated
through steady-state
temperature data

Tii. 2 required to Not explicitly Can be reduced by

Efficiency recovery | return w an energy- controlled in real-time Requires transient

time efficient operating traditional inefficient-mode validation

mode operation detection
Evaluated in
_ Affects magnetic | May increase under| Reduced under steady-state;
THD variation - - S . :
. losses, heating, and non-optimal optimized operating| transient THD

during load change . . - L - o

power quality inverter operation conditions requires additional
testing

The dynamic response indicators in Table 8 show that the proposed Al-based method should
be interpreted as a supervisory optimization layer rather than a replacement for fast inverter
control. The obtained steady-state results demonstrate improvements in system efficiency, power
factor, total harmonic distortion, switching losses, and motor temperature. However, a complete
quantitative assessment of torque ripple, speed settling time, and efficiency recovery time
requires additional transient experiments, including sudden load-step tests from 25% to 100%,
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rapid acceleration, and short-term overload conditions. Therefore, transient validation is
identified as an important direction for future work.

5.3. Parameter sensitivity analysis of the Al-based method

Parameter sensitivity analysis was added to evaluate the robustness of the proposed Al-based
supervisory method under variations in the measured input parameters. This analysis is important
because the Al model uses real-time sensor data, and measurement noise, sensor drift, or
operation outside the initial measurement range may affect prediction accuracy and control
recommendations.

The sensitivity analysis was performed by varying the main input parameters of the vector X,
including voltage, current, temperature, power factor, and total harmonic distortion. The baseline
validation condition corresponded to the measurement ranges s:ced in the experimental
campaign: voltage of 0—400 V, current of 0-20 A, temperature.o1 <U-)0°C, power factor of
0.75-0.95, and total harmonic distortion of 5-15%. Parametel \.i i tions outside these ranges
were interpreted as extrapolation conditions rather than ful!y v.iiGawed operating states.

Special attention was paid to voltage values above 402V :n2 motor temperature above 90°C,
because these conditions exceed the defined measuremeat ra 1ge of the present study. Under such
conditions, the Al model may still generate a pre dictinn, but the reliability of this prediction
decreases because the input values are out:'uc the waining domain. Therefore, the proposed
method should be used with safety constraints ‘nat either reject such operating points or require
additional validation data before control"-ecominendations are accepted.

The sensitivity analysis showad a1 the most influential input parameters were motor
temperature, total harmonic distet 1o, curr nt, and power factor. These variables directly affect
copper losses, magnetic losses, “nvurter losses, and the ratio between useful mechanical output
power and input electri.al puvier in contrast, moderate voltage variation within the measured
range had a smaller aflience on prediction accuracy compared with temperature and THD
variation.

The results of the sensitivity analysis are summarized in Table 9.

Table 9. Parameter sensitivity analysis of the Al-based method

Expected influence
on prediction
accuracy

Effect on energy-
efficiency
estimation

Varied parameter | Variation scenario Interpretation

Moderate change in The model remains

reliable within the

Voltage Within 0-400 V Low to medium input power
P measured voltage
estimation
range
Outside the
Possible validated range;
Voltage Above 400 V High uncertainty overestimation or control

underestimation of
efficiency

recommendation
should be rejected
or verified
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Current
Direct influence on measurement
Current +5% sensor drift | Medium to high input power and accuracy IS
copper-loss important for
estimation reliable loss
prediction

Affects speed, | poriabie within the

. torque, and
Inverter frequency 10-60 Hz Medium operating-mode testedr;:]egqeuency

classification
Direct influence on| One of the most

Motor temperature, 40-90°C High winding resistance sensitive
and copper losses parameters
Increased isk of Outside the
i i ~t I i .
Motor temperature Above 90°C Very h_|gh incorre : |\:os ard | validated range;
uncertainty e fic'socy should activate
~redic’,on safety limitation

S +ono .nfluence on| Power factor drift

Power factor —0.05 deviation High “nput power and can S|gn|f|c§ntly
efficiency change predicted

calculation efficiency

Increases magnetic | THD is a critical
and thermal losses parameter for

05 i 1
THD +5% increase Figh and reduces power | inefficient-mode
quality detection
N Determines parti
partial- . .
Load level 25-100% Mcdium to high | load and full-load Reliable within the
- tested load levels
loss behaviour
Affects output Important for
Torque 25% sensor drift Medium mechanical power | accurate efficiency
estimation calculation

The sensitivity results indicate that temperature, THD, current, and power factor are the most
critical input parameters for the proposed Al-based method. These parameters have the strongest
physical relationship with total power losses and system efficiency. Temperature affects winding
resistance and copper losses, THD increases magnetic and thermal losses, current affects both
input power and copper losses, and the power factor directly influences the calculation of input
electrical power. Therefore, these parameters require higher measurement accuracy and should
be monitored with reliable sensors.

The analysis also shows that predictions outside the predefined measurement ranges should
be interpreted with caution. In particular, voltage values above 400 V and motor temperature
above 90°C are outside the validated data range of the present study. For this reason, the
supervisory Al layer should not automatically accept control recommendations under these
conditions. Instead, such states should be treated as safety-critical or extrapolation cases
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requiring additional verification. This limitation is important for preventing incorrect Al-based
control decisions in industrial implementation.

5.4. Discussion of the results of the study

The obtained results show that the energy efficiency of the electric motor—inverter system
depends not only on the nominal efficiency of the motor, but also on load level, power factor,
total harmonic distortion, motor temperature, inverter switching losses, and total power losses.
As shown in Table 5, inefficient operation was mainly observed at low-load and full-load
conditions. At 25% load, the relative losses increased and the power factor decreased. At 100%
load, the motor temperature and harmonic distortion increased, which led to higher copper,
magnetic, and thermal losses.

The comparison in Table 6 confirms that the proposed Al-kused supervisory method
improves the energy performance of the system. Under the most ieff cient tested operating
condition, system efficiency increased from 78.3% to 90.2°%4; v hile energy consumption
decreased from 118 kWh to 88 kWh. In addition, the powe’ f2_toi improved from 0.76 to 0.94,
THD decreased from 15% to 5%, switching losses siccrensey from 8% to 3%, and motor
temperature decreased from 92°C to 68°C. These imni yven ents are explained by the ability of
the Al model to analyze real-time operating data a 'd id ntify inefficient modes.

The proposed method should be conside ‘eu s a supervisory energy-efficiency layer rather
than a replacement for the low-level inver." controller. The low-level controller remains
responsible for fast switching, current roqulatiun, torque control, and drive stability, while the
Al-based layer evaluates system cfficiancy, estimates losses, classifies operating modes, and
supports the selection of more er<rgy =ffic 2nt control parameters.

The comparison with advzii>ea data-driven approaches in Table 7 shows that the proposed
method provides a pra7.cal o7iar ce between accuracy and implementation complexity. Fuzzy
logic is simple but dep2n7s on expert-defined rules. ANN-based regression can predict nonlinear
relationships but requires. ) rger datasets and careful tuning. Reinforcement learning has high
adaptation potential but requires many training episodes and additional safety constraints. In
contrast, the proposed method combines efficiency prediction, power-loss estimation, and
inefficient-mode classification in one supervisory framework.

The dynamic response indicators in Table 8 show that further transient validation is required.
The present study mainly considered 24 steady-state operating modes. Therefore, torque ripple,
speed settling time, maximum speed deviation, temperature overshoot, and efficiency recovery
time were included as important future evaluation criteria. Future experiments should include
sudden load changes from 25% to 100%, acceleration and braking modes, and short-term
overload conditions.

The sensitivity analysis in Table 9 shows that motor temperature, THD, current, and power
factor are the most critical input parameters. These variables directly affect power losses and
efficiency estimation. Voltage values above 400 V and motor temperature above 90°C are
outside the validated measurement range of this study. Therefore, such conditions should be
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treated as extrapolation cases and should activate safety constraints or require additional
verification before accepting Al-based control recommendations.

The main limitation of the study is that the method was tested on one motor—inverter
configuration and mainly under steady-state conditions. Although mode-wise validation was
used to reduce the risk of overfitting, additional testing is required on motors with different
power ratings, inverter types, manufacturers, switching frequencies, and load profiles.
Embedded implementation on a microcontroller, PLC, or industrial edge device should also be
evaluated in future work.

Overall, the proposed Al-based supervisory method improves the energy efficiency of the
motor—inverter system by detecting inefficient operating modes, reducing losses, improving
power quality, and supporting energy-efficient control decisions. The method is promising for
industrial drives such as pumps, fans, compressors, and convevsrs, but further transient,
economic, and hardware validation is required before large-scale nracuce | implementation.

6. Conclusions

In this study, an Al-based supervisory metho ! for improving the energy efficiency of an
electric motor—inverter system under variable lua™.conditions was developed and evaluated. The
proposed method considers the motor, inverte | load, and control algorithm as a single energy-
conversion system. Unlike conventional contro. approaches focused mainly on fixed frequency
or speed regulation, the proposed ri.2tric. 1 ses real-time electrical and operational data to predict
system efficiency, estimate total © dwe:loss classify operating modes, and support the selection
of more energy-efficient cont:u. naiameters.

In accordance with..ne forriul aied aim, four main objectives were achieved.

First, the operatir. rarameters of the electric motor—inverter system were analyzed. The
results showed that loac. 'Cvel, power factor, total harmonic distortion, motor temperature,
inverter switching losses, and total power losses have a direct influence on system efficiency.
The most inefficient operating conditions were observed at low load and full-load modes, where
the power factor decreased, harmonic distortion increased, and thermal losses became more
significant.

Second, an Al-based supervisory model was developed using voltage, current, inverter
frequency, rotational speed, electromagnetic torque, temperature, load level, power factor, and
total harmonic distortion as input parameters. The model was designed to predict overall system
efficiency, estimate total power loss, and classify operating modes as efficient or inefficient. The
validation results showed that the model satisfied the accepted adequacy criteria, with MAPE
below 10% and the coefficient of determination above 0.90.

Third, the proposed Al-based method was compared with conventional inverter control and
selected advanced data-driven approaches. Under the most inefficient tested operating condition,
the system efficiency increased from 78.3% to 90.2% after Al-based optimization. Energy
consumption decreased from 118 kWh to 88 kWh, corresponding to a reduction of 30 kWh. In
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addition, the power factor improved from 0.76 to 0.94, total harmonic distortion decreased from
15% to 5%, inverter switching losses decreased from 8% to 3%, and motor temperature
decreased from 92°C to 68°C. The comparison with fuzzy-logic-based control, ANN-based
regression, and reinforcement-learning-based control showed that the proposed method provides
a practical balance between prediction capability, implementation complexity, and suitability for
supervisory-level energy-efficiency optimization.

Fourth, the sensitivity, computational feasibility, and practical limitations of the proposed
method were evaluated. The sensitivity analysis showed that motor temperature, total harmonic
distortion, current, and power factor are the most critical input parameters because they have the
strongest influence on power losses and efficiency estimation. Voltage values above 400 V and
motor temperature above 90°C were identified as extrapolation conditions outside the validated
measurement range. Therefore, such operating states should activate safety constraints or require
additional validation before Al-based control recommendations are uccer ted.

The computational analysis showed that the proposed A'-%us»d method is suitable for
supervisory-level implementation because it does not gene:at: qawc-level switching signals for
the inverter. The low-level inverter controller remains~asyanzible for fast switching, current
regulation, and drive stability, while the Al-based zupe visory layer updates the energy-
efficiency assessment and control recommendatic 1 using measured operating data. Therefore,
the computational delay of the proposed me‘ricd.is uetermined mainly by the data acquisition
period and the dynamics of energy-efficiency ‘indicators rather than by the inverter switching
period.

The main limitation of this stu.'v ieithiat the experimental validation was performed on one
motor—inverter configuration and.'nan'v ur Jer steady-state operating modes. Although dynamic
response indicators such as<wcrqua. ripple, speed settling time, maximum speed deviation,
temperature overshoot< and e ficiency recovery time were considered, they were not fully
quantified through duiicuied transient experiments. Therefore, future research should include
sudden load-step tests frc 5% to 100%, rapid acceleration and braking modes, different motor
power ratings, different inverter manufacturers, and embedded implementation on an industrial
controller or edge device.

Overall, the results confirm that the proposed Al-based supervisory method can improve the
energy efficiency of electric motor—inverter systems by detecting inefficient operating modes,
reducing losses, improving power quality, and supporting more energy-efficient control
decisions. The method is especially suitable as an additional monitoring and decision-support
layer for industrial motor-drive systems operating under variable load conditions.
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