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ABSTRACT Nowadays, the main focus of the design process of electrical machines is typically
electromagnetic analysis. However, as requirements have increased for electrical machines and drives with
specific uses and higher efficiency, thermal analysis has become a more significant part of the design
process. The temperature rise within a machine influences its output power and can also lead to the
thermal degradation of significant parts of the machine, in particular the winding insulation and permanent
magnets, if these are used in the machine construction. A precise estimate of temperature is crucial for
the protection of critical machine components, which in turn requires an accurate prediction of machine
temperatures. This can be achieved through various research methods, such as finite element analysis or
analytical approaches, along with appropriate analysis methodologies. In this work, Lumped Parameter
Thermal Networks are used. This analytical method is very convenient due to its need for low computing time
and fast optimization execution. This publication focuses on the optimization of heat transfer coefficients
using a genetic algorithm, which is a key factor in achieving accurate thermal analysis. Various methods for
the estimation of these coefficients are evaluated and incorporated into the optimization process. In addition,
graphical outputs of the calculations, including comparisons of the calculated and measured temperatures,
for different methods used to approximate the heat transfer coefficients, are also presented in this paper.
The measured temperatures were obtained on a fully automated test bench under stable conditions. The
paper concludes with a discussion of the deviations between individual results, highlighting their impact
on overall optimization accuracy. Moreover, an improved methodology for thermal analysis is suggested,
enabling real-time, sensor-less temperature predictions.

INDEX TERMS Genetic algorithm, thermal modeling, heat transfer optimization, lumped parameter
networks, thermal efficiency, machine design.

I. INTRODUCTION
The traditional focus of the design of electrical machines has
been on electromagnetic calculations, as noted by [1]. The
thermal dimensions of the machine have often been estimated
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based on the expertise of the designer, supplemented by
measurements and analytical calculations.

Nowadays, as the performance requirements for electrical
machines have increased, greater attention must be paid to
thermal dimensioning. Moreover, as indicated in [2], some
machine components, such as permanent magnets and wind-
ing insulation, are highly sensitive to elevated temperatures,
especially when designing for specific purposes, such as elec-
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tromagnetic actuators [3]. With an optimized thermal design,
an electrical machine can withstand higher load demands
without succumbing to heat-induced degradation, resulting in
a longer and more reliable service life. Additionally, a well-
designedmachine can be produced with less material, leading
to lower production costs.

The prediction of temperatures plays a crucial role in
the thermal design of electrical machines, including thermal
dimensioning and protection, as well as in real-time condition
monitoring in service. Correct thermal predictions for
electrical machines in industrial applications can, according
to [4], [5], [6], and [7], be done in several ways; for example,
through Pulse Wide Modulation (PWM)-based Estimation,
Signal Injection, Machine Learning, or Lumped Parameter
Thermal Network (LPTN). It must be noted that all of these
methods can be used for any electrical rotating machine.

One of the main benefits of a methodology based on
an analytical approach using LPTN, as described in [8],
is the significantly lower computation time required in
comparison to Finite Element Analysis (FEA). However,
the accuracy of LPTN is highly dependent on the estimate
used for key parameters, particularly for Heat Transfer
Coefficients (HTCs), which can significantly influence the
overall performance of the LPTN model [9].

To address this limitation and improve the accuracy of
the estimates, optimization algorithms, such as the Genetic
Algorithm (GA) [10], are used to identify parameter values
that minimize deviations between measured and calculated
temperatures, using experimental data. The benefits of the
GA, as discussed in [11] and [12], include improved accuracy
for LPTN models across the entire operating range of
machines. Additionally, the low computational requirements
of this analytical approach, combined with LPTN optimized
by GA, enables real-time temperature calculations without
embedded thermal sensors. This is made possible through
digital signal processors (DSP) that utilize data from standard
machine control sensors, such as current and speed sensors.

This work introduces a comparative analysis of three
methods used to estimate HTC in the thermal modelling
of electrical machines, with a focus on accuracy and
computational efficiency in sensorless applications. Two of
the approaches are adopted from [13] and [14], where the
authors concentrated on a prediction of thermal resistance,
not HTC. The reformulation of these methods enables a
direct estimate of HTC values, thereby improving generality
and allowing for the application of HTC across different
machine geometries, even during the design stage. In addition
to the standard estimation methods, the proposed approach
incorporates the HTC formulation originally introduced
by [15] for the air-gap, here extended to estimate HTCs across
all regions of the machine.

Each of these methods is implemented within the LPTN
of a real electrical machine and calibrated through GA using
experimental data. The evaluation compares the accuracy and
computational cost of the methods to provide insight into
the selection of an HTC estimation method for real-time

thermal prediction. Although an outer rotor Permanent
Magnet Synchronous Machine (PMSM) is used in this
work to demonstrate the different approaches, the modelling
approach can generally be adapted for any type of machine.

This paper is organized into seven sections, including the
Introduction. Section II presents a brief overview of modern
methods for the estimation of temperatures within electrical
machines. The next, Section III contains a discussion of the
various approaches to estimating HTCs in an LPTN. This
is followed by Section IV which introduces the machine
under study, defines the LPTN, contains a description of the
proposed methodology and a presentation of the calculated
results. The subsequent section, Section V has a discussion
of the findings, while the final section, Section VI provides a
technical overview and broader perspective of the work.

II. THERMAL MODELLING OF ELECTRICAL MACHINES
According to [16] and [17], several methods for thermal
analysis are currently used in the design process for electrical
machines. One such method is finite element (FE)-based
calculations, as discussed in [18]. The primary advantage
of FEA is its ability to provide a clear visualization of
the thermal distribution within the machine [19]. However,
as described in [20], FEA requires significant computational
power and time, which, in contrast to LPTN, as described
in Section I, makes this method impossible to use for online
temperature monitoring.

In response to these limitations, current research in the field
of FEA focuses on the reduction of computational demands
while preserving accuracy [21], [22], [23], [24]. Key chal-
lenges include mesh generation quality, boundary condition
implementation, convergence and simulation stability. These
challenges can be addressed through the use, for example,
of accelerated mesh optimization using a Graphic Processing
Unit (GPU) or Artificial Intelligence (AI), as discussed
in [25] and respectively in [26].

An alternative approach relies on analytical calculations,
as mentioned in [27]. However, it is less precise when
detailing the thermal distribution through the parts under
analysis. This then requires more in-depth knowledge of
the system to achieve accurate results, as noted in [9].
It has the advantage that it requires less computing time,
usually ranging from seconds to minutes, and does not
require extensive computing power. These benefits result in
analytical methods that are suitable for real-time, sensor-less
temperature estimation, as mentioned [28].

Generally, it can be stated, that the field of analytical
analysis, especially in industry usage does according to [29]
face the integration of these approaches into FE models,
which takes into account the electromagnetic and even
mechanical analysis. Moreover, modeling of 3D gradients
of thermal distribution, which are typically for oil-spray-
cooled motors, is an actual challenge contained in the field
of analytical thermal modeling for the electrical machine,
as described in [30] and [31]. Last but not least, the [32]
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mentioned that challenges connected to the hybrid models,
especially models of high power-density machines, are
becoming actual. High-frequency phenomena can influence
assumptions commonly used in thermal analytical calcula-
tions. The presented methods have been increasingly adopted
in the industrial design of motors for electric vehicles and
automation systems, where thermal performance is a key
constraint.

Another, widely used method of thermal analysis is
according to [33] Computational Fluid Dynamics (CFD).
This method is suitable for the calculation of fluid flow,
heat transfer, and even chemical reactions. In addition, HTCs
can also be calculated using CFD, as mentioned [34]. Its
main advantage is ability to solve complex fluid-thermal
interactions such as turbulence, or convective heat trans-
fer phenomena with high accuracy, as mentioned [35].
However, the critical disadvantages are the extremely high
computing time and the high requirements for computing
power. The CFD simulation can takes even several days,
as discussed [36]. Moreover, the accuracy, computing time,
and power of he simulation are according to [37] extremely
sensitive to the quality of the generated mesh.

In summary, while FE and CFD methods provide high
accuracy and detailed overviews of temperature distribution
within the structure of electrical machines. However, they
are computationally demanding and therefore not suitable
for online temperature monitoring and real-time prediction
of electrical machines. These methods are more convenient
for use during the design stage of electrical machines, where
final verification is required. For optimization, at design
stage, a much faster method based on LPTN may be more
advantageous. The speed of calculations using LPTN makes
it promising for both the design stage and temperature
prediction during condition monitoring in real applications.

A critical aspect of LPTN is the accurate estimation of
HTCs, which significantly influence the predictive capability
of thermalmodels. The following section focuses on the study
of the most suitable strategies for the accurate estimation
of HTC.

III. HEAT TRANSFER COEFFICIENTS ESTIMATION
So far, thermal analysis of electrical machines has primarily
employed FEA [16], [17], [18], [19], [38] or analytical
methods [9], [16], [27], [39]. However, the crucial aspect
of both approaches is the evaluation of HTCs. Estimating
these coefficients accurately presents a significant challenge.
The difficulty in making this estimation arises from the
need to consider numerous unknown factors during the
mathematical modeling typically employed for LPTNs,
including imperfections in manufactured machines.

The thermal analysis methodology involves systematically
examining, optimizing, and evaluating key parameters of
the LPTN. Significant focus is placed on HTCs. The
GA has been utilized for optimization. In this study,
it is implemented based on the Java-based multi-objective

optimization framework, jMetal [40]. This algorithm is
inspired by evolutionary principles observed in nature,
enabling it to efficiently address complex, highly non-
linear, and multi-dimensional optimization problems [41].
Furthermore, to enhance the selection of the initial parameter
set, a Latin Hypercube Sampling (LHS) method has been
incorporated. The LPTN design and optimization process,
which is solved as multiobjective is described in [14].
Moreover, other approaches based on HTC approximation
through thermal resistances are described in [13], and the
approach using direct analysis of HTCs is discussed in [15].
This manuscript uses the concepts outlined in [13] and [15]
to introduce a methodology for determining the optimal value
of these coefficients.

The block diagram that describes the algorithm used for
searching for the proper HTCs is shown in Fig. 1. As can
be seen in this block diagram, the proposed methodology
requires the design of an LPTN, through which it is
possible to describe the thermal behaviour of the machine
under investigation. This LPTN is described in more detail
in Section IV-B. As the next step, an approach to HTC
approximation is chosen. The type of approach defines
the setup of the optimized coefficients, particularly their
boundaries. During the Setup stage it is also necessary to
define the initial number of individuals and the maximal
number of generations. The presented block diagram also
includes the optimization process itself, information related
to its setup is presented in Section IV-C.
For clarity, it should be noted that the typical ther-

mocouples used in the low-cost industrial sector have an
accuracy of ±5◦C. Therefore, an absolute error between the
measured and calculated temperatures lower than 5◦Cwill be
considered a success.

In the case of thermal analysis, only approximate values
of these coefficients were used before this optimization. The
optimization compares measured and calculated data and
searches for the HTC values that minimize the deviation
between reference and calculated temperatures. One way to
determine reference data is through accurate measurement,
but theoretical data based on experience might be sufficient to
validate themethodology [42]. Nevertheless, the optimization
executed in this work uses measured temperatures as the
reference data, which will be discussed and presented below.

Three different approaches of HTC approximation have
been used. First, the convective HTC is based on a
linear approximation of thermal resistance. This approach,
described in [14], is based on the equation

Rlin,i(n) = Ri,0

(
1 −

|n|
nmax

(1 − klin,i,s)
)

+ 1Ri,0δ(n), (1)

where n is the speed of the rotor bell, Ri,0 = Ri(0) is the
thermal resistance at zero speed, nmax is the maximum speed
of the rotor bell, klin,i,s is an optimized parameter, δ(n) is the
delta distribution, 1Ri,0 is the value of thermal resistance by
which Ri,0 is increased at stand still. The delta distribution as
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FIGURE 1. Block diagram for an algorithm to get the HTCs.

defined in [43] is given by

δ(n) =

{
1, if n = 0
0, if n̸= 0.

(2)

The second approach, applied by [14], uses a quadratic
thermal resistance approximation for the thermal transition
due to convection

Rquad,i(n) = Ri,0

(
kquad,i,s +

(
|n|
nmax

− 1
)2

(1 − ki,s)

)
+ 1Ri,0δ(n), (3)

where kquad,i,s is an optimized parameter. A plot of both
models, linear (defined by equation (1)) and quadratic
(defined by equation (3)), is presented in Fig.2. This
figure illustrates the general trend of thermal resistances as
modeled by the linear and quadratic models. A more detailed
discussion of these models can be found in [14].

FIGURE 2. Trend of thermal resistances defined by (1) and (3).

The equation used for HTC evaluation can, according
to [44] be defined as:

h =
1

R(n)S
, (4)

where S is the heat transfer surface and R is the calculated
thermal resistance. Typically, this surface is defined by
the geometric dimensions of the machine. Substituting
equation (1) into equation (4) results in the equation for HTC
in the following form

hlin = h0
nmax

nmax − |n|(1 − ki,s)
+

(h0·hδ,f)

(h0 + hδ,f)
δ(n), (5)

where h0 represents the initial HTC and hδ,f denotes the
static HTC. The correlation between h0 and Ri,0 is given
by equation (4). A similar formula, when substituted with
equation (3), leads to the calculation of the HTC in the
following form

hquad =
h0(

ki,s +

(
|n|
nmax

)
− 1

)2
(1 − ki,s)

+
(h0·hδ)
(h0 + hδ)

δ(n).

(6)

The evaluation of HTCs, calculated using formula (5) and (6)
for the parameters summarized in Table 1, is shown in
Fig. 3a). Furthermore, a detailed view of the function for
ki,s = 0.9 is illustrated in Fig. 3b).

TABLE 1. Values used for calculation of HTCs.

The primary motivation for using the described approaches
is their robustness, relative simplicity, and the high accurary.
As illustrated in Fig. 3a) and Fig. 3b), the shape, gradient, and
initial value of the function are influenced by the coefficients
h0, hδ , ki,s for both presented approaches.
The third approach for approximating the HTC in induc-

tion motors is referred to as the ‘‘direct’’ method. This
method, based on the work of Boglietti and Cavagnino [15],
models the heat-transfer coefficient, hdir, as a function of
internal air speed andmotor-specific empirical constants. The
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FIGURE 3. Function of HTCs (a) calculated by considering linear and
quadratic approximation, (b) with detail for ki,s = 0, 9 and (c) the direct
approximation. All curves are calculated for different speed.

formula is defined as follows:

hdir = c1
(
1 + c2νc3

)
. (7)

In this equation, c1, c2, and c3 are empirical coefficients as
described in [15], and ν represents the inner air speed within
the air gap. In the field of rotating electrical machines, the
peripheral rotor speed is often assumed to approximate the
inner region air speed. The peripheral speed ν is calculated
using the equation

ν =
2πnr
60

, (8)

where r denotes the rotor radius.
Typically, this method, is according to [15], used for

end-winding area analysis. Nevertheless, using the same
method to analyze as many parts of the machine as possible
is usually advantageous. The primary motivation for adopting
this approach is the streamlined preprocessing it enables, as a
single equation can be applied consistently across all parts of
the machine.

The HTCs calculated for different values of c1, c2, c3, and
n are presented in Fig. 3c). The coefficients c1, c2, and c3 have
been chosen as a function of n to demonstrate possible trends
that might result from the varying coefficients. It is shown that
c1 represents the HTC’s initial value. The steepness of the
trend is defined by c2, and c3 determines whether the HTC
function is convex, linear, or concave. A convex gradient is
achieved for values of c3 greater than 1. On the other hand,
the concave trend of this coefficient occurs when c3 is less
than 1, and the linear profile is observed when c3 equals 1.

During the optimization, the shape, gradient, and initial
value of the function are searched for to achieve the best
approximation of reality. This means the GA is investigating
the values of the described coefficients (h0, hδ , ki,s, c1,
c2, and c3) to achieve the best approximation of the real HTC.
The objective of the GA is to search for the trends of the
HTCs.

FIGURE 4. Motor testing bench used for experimental evaluation.

IV. THERMAL MODELING AND EXPERIMENTAL
VALIDATION
For the application and validation of the methodologies
described in Section III, the Synchronous Permanent Magnet
(SPM) machine was selected. Accurate thermal analysis of
this machine requires a comprehensive understanding of its
type, performance, and application—such as in electrical
vehicle drives or Computer Numerical Control (CNC)milling
machines. With this knowledge, the methodology steps can
be tailored precisely to account for the specific parameters of
the defined machine. This section details the tested machine,
the designed LPTN, the methodology for error evaluation,
and the results of the thermal calculations. Moreover, the
photo of the test bench, which was used for all measurements,
is presented in Fig. 4

A. MACHINE UNDER STUDY
This paper deals with a 3-phase, brushless SPM machine
with an outer rotor. The machine’s cross-section is sketched
in Fig. 5, and its key parameters are listed in Table 2.
In addition, the Safe Operating Area (SOAR) is depicted in
Fig. 6.The SOAR of a brushless SPM defines torque-speed
combinations that allow the motor to operate within thermal
and mechanical limits. Two of its boundary lines stem from
the motor’s intrinsic characteristics, while the other two are
constrained by the test bench setup. Although the aim is to
operate the machine across as many points within this area
as possible to capture its thermal behavior during transient
loads, covering every possible point is infeasible due to the
infinite number of combinations. Instead, a representative
subset of operating points is selected to effectively capture
the motor’s key thermal characteristics. For this purpose,
an even distribution of these points through the SOAR has
been selected and measured.

The outer rotor machine topology features a rotor designed
like a bell, with a shaft extending from its center. It can
be considered that the airflow through the air gap between
the mounting flange and the rotor bell has a non-negligible
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FIGURE 5. Cross-section of brushless SPM with an outer rotor.

impact on rotor temperatures. This topology makes it
possible to directly measure the temperature of the rotor
yoke using a thermal camera. The measurement allows for
determining the differences between calculated andmeasured
temperatures in all areas of interest (winding, yoke, etc.).
All other temperatures are measured directly with type K
thermocouples. These are placed on the surface of one of the
three-phase coils to measure the average temperature of the
winding. Additional thermocouples are situated at the tip of
the stator yoke, on the static ring of both bearings, and on the
mounting flange. The positions of used thermal sensors have
been chosen due to the representation of the main thermal
paths of different thermal sources within themachine. Amore
detailed description of the positions where the thermocouples
are placed can be found in [13].

The total number of measured temperatures is eight, but
as mentioned, the temperatures of each phase are averaged,
so only one temperature is used for the evaluation of
the presented methodology. These eight temperatures are
measured by a combination of seven thermocouples placed
physically on the machine’s static parts and one thermal
camera to read the outer temperature of rotor.

TABLE 2. Nominal values.

B. UTILIZED LUMPED PARAMETER THERMAL NETWORK
The LPTN, created for the investigated machine, consists
of eight nodes and 10 resistances, as shown in Fig. 7. This
network accounts for the space between the rotor bell, the
mounting flange, and the stator’s cooling through the gap.

FIGURE 6. Normalized safety operating area.

The heat transfer between the stator and rotor across the
air gap can occur through convection or radiation mecha-
nisms. However, previous research on induction motors has
demonstrated that for a sufficiently small air gap, thermal
exchange can be effectively approximated as conductive heat
transfer within stationary air [45]. The presented LPTN is
the result of an iterative process carried out by the authors
during other research activities. More details can be found in
[14]. With the existing arrangement of nodes, resistors, and
capacitances, an accurate approximation of the model can be
achieved.

FIGURE 7. Used lumped parameters thermal network reproduced
from [14].

C. IMPLEMENTATION
The optimization process used to find values for the specified
coefficients is based on a GA, which is described in detail
in [46]. To ensure clarity of the GA setup used, the boundaries
for the HTCs in each proposed approximation are summa-
rized in Table 3. The initial population of this algorithm and
the boundaries were set to up to 1 000 individuals, with a
maximum of 10 000 iterations.

The aim of the performed calculations is to determine
the function of HTCs to achieve a correlation between
calculated and measured temperatures. Knowledge of the
trend is crucial, especially because the variable speed of the
machine during the transient load profile influences the value
of the HTC. The temperatures of the machine are highly
sensitive to the coefficients discussed above. Information
about the shape, gradient, and initial values of the investigated
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TABLE 3. Boundaries of optimized coefficients.

curves is derived from the search coefficients (h0, hδ , ki,s, c1,
c2, and c3). The method of mean squared error was used to
evaluate the results accurately, and according to [47], it is
defined as

ε =
1
N

N∑
i=1

(
Ti − Tm,i

)2
, (9)

where N represents the number of measured points, T
represents the calculated temperatures, and Tm represents
the measured temperatures. Results with a deviation of less
than 5°C are considered good, and those with an accuracy
around 1°C are considered great. A combination of LPTN
with GA has the potential to yield accurate results. However,
this process is time-consuming due to the optimization of
coefficients. On the other hand, a well-designed LPTN using
the identified coefficients can achieve high precision for any
machine operating state.

As mentioned in Section III, the optimization process
requires reference temperatures, which are essential for
comparison with calculations. These reference temperatures
were measured under a wide range of different machine
output power, relating to various speed and load torque
combinations. Based on these conditions, a transient load
profile illustrated in Fig. 8a) was defined that accounts for as
many variations in the machine’s load as possible, reflecting
real life industrial use. In such applications, rapid changes in
the machine’s load and speed can occur within seconds or
minutes. However, there are also longer periods of minutes
to hours, during which the machine operates under the same
load at a continuous speed, or even several hours of continu-
ous working load. These extended durations can be sufficient
to challenge the thermal stability of the machine, and can
also be present in the real-world application. The measured
temperatures, presented in Fig. 8b), are subsequently used as
reference values for optimization. It must be noted that all
measurement points must be incorporated into the SOAR and
are utilized for the optimization of the coefficients h0, hδ , ki,s,

FIGURE 8. The transient load profile (b) and temperatures (Tr, TCu,, Tbo,
Tair, Tbi and Tf) measured in different parts of the machine by
thermocouples inside the machine and by thermal camera on the rotor
surface (a).

c1, c2, and c3. This process means that the optimization for
each approximation method searches for 15 parameters.

TABLE 4. Mean squared errors in each node.

D. RESULTS AND COMPARISON OF METHODS
The optimization results, based on the measured data, can
be seen in Fig. 9. The values of errors computed for all
three HTC approximations, described by equations (3),
(5) and (7), and the corresponding computation times are
summarized in Table 4.These errors were calculated using
equation (9). The presented results show that all three
methods can be used for temperature calculations based
on the proposed LPTN. The highest precision is achieved
by the quadratic approximation for almost all analyzed
points. However, a higher level of accuracy was achieved
for the point representing the inner part of the bearing. The
linear approximation does not provide results as precise as
the quadratic method, but for some points, the estimation
performed by this method is more accurate than that of the
direct approximation. The calculation time for the direct
method is the highest, the linear method requires less
computing time, and the analysis performed by the quadratic
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FIGURE 9. Modeled temperatures, reference temperatures, and calculated error curves for all three described methods. The trends of modeled and
measured temperatures for (a) linear approximation. The (b) absolute difference between these two functions. The curves of same temperatures but this
time executed for (c) quadratic approximation also with absolute difference between measured and (d) modeled temperatures. The trend of temperatures
based on (e) direct approximation again with (f) absolute difference between these functions.

approximation takes approximately one hour less than the
direct method.

The optimized coefficients, calculated using the GA,
are shown in Table 5. These coefficients, combined with
equations (3), (5), and (7), enable the calculation of the
heat transfer characteristics for the analyzed curves. The
results for different approaches and speeds in the range of
0 to 7,100 rpm are shown in Fig. 10. The heat transfer trends
for the mounting flange are displayed in Fig. 10a), where
all three methods (linear, quadratic, and direct) are plotted.
The trends for the rotor are presented in Fig. 10b), while
Fig. 10c) shows the results for the stator, Fig. 10d) for the
winding, and Fig. 10e) for the air. These trends are based
on the coefficients summarized in Table 5. The calculated
trends are most consistent in the area of the mounting
flange (Fig. 10a), where the differences between all three
methods are the smallest. A similar level of agreement is
observed in the rotor and stator winding ( 10b and Fig. 10d),
where the linear approximation begins to diverge notably
at speeds higher than 5.500 rpm. The largest discrepancies
were found in the stator (Fig. 10c) and inner air (Fig. 10e),
where the direct method shows a distinctly different trend.

TABLE 5. Optimized values for all three methods.

However, in the inner air (Fig. 10e), the direct and linear
approximations are in close agreement at the maximum
speed.

The deviation between temperatures calculated using
the coefficients presented in Table 5 and the measured
temperatures for all three described approaches is shown
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FIGURE 10. HTCs’ trends calculated based on the values from Tab 5. The
subfigures show (a) the mounting flange, (b) the rotor, (c) the stator,
(d) the winding, and (e) the air.

in Fig. 9a), c), d). Fig. 9b), d), f) presents the absolute
differences between the calculated and measured temper-
atures. These figures confirm the high accuracy of the
quadratic approximation method for all investigated points
and the lower precision of the direct approximation method.

V. DISCUSSION
Different HTC approximations were used to calculate tem-
peratures using the LPTN. The calculations were executed
for the load profile presented in Fig. 8b) and compared
with temperatures measured by thermocouples (type K)
and a thermal camera. The computed error results, eval-
uated by equation (9), were summarized in Table 5. These

results show that the quadratic approximation of the HTC
achieved the highest precision for almost all nodes (ranging
from 0.710°C to 0.869°C). In contrast, the linear approx-
imation showed the least accuracy, with errors ranging
from 0.721°C to 0.871°C. The highest deviation occurred in
the inner part of the bearing.

Errors lower than 1°C are considered excellent. All
methods presented have deviations below 0.9°C, with errors
ranging from 0.703°C to 0.871°C. This indicates that all
discussed methods reached a high level of accuracy and can
be effectively applied in industry. The computation time for
the presented approximation methods was between 56.28 and
59.6 hours. The percentage variance between the highest and
lowest computation times is 5.57%, which is not significant.
However, the absolute variance remains approximately
3.5 hours. Given this, it seems that the linear approximation,
despite its longer computation time, maybe the best choice in
certain cases. On the other hand, the quadratic approximation
provides the best compromise between computing time and
accuracy.

Moreover, as the choice of the HTC approximation
algorithm significantly impacts both the computational effort
required and the solution accuracy, future research should
explore more advanced optimization methods. Selection
Hyper-Heuristics (SHH), as discussed by [48], represent a
class of high-level strategies that dynamically select from
low-level heuristics during the optimization process. Their
domain-independent architecture makes them particularly
attractive for complex, combinational problems such as
scheduling, planning, or bin packing, where problem-specific
heuristic development is impractical.

Another promising class of metaheuristics involves Poly-
ploid Evolutionary Algorithms (PEA), which preserve mul-
tiple chromosome copies to enhance population diversity.
The work by [49] introduced the Adaptive Polyploid
Memetic Algorithm (APMA), which combines polyploid
representations with local search mechanisms to address
truck scheduling problems at cross-docking terminals. The
APMA demonstrated improved robustness and favourable
trade-offs between solution quality and computational
efficiency attributed to its adaptive regulation of ploidy
levels.

Furthermore, hybrid approaches integrating hyper-
heuristics with exact optimization techniques offer a
compelling direction. For instance [50] proposed the Hyper-
heuristic Hybridized with Exact Optimization (HHEO)
algorithm to solve berth allocation problems in seaport
logistics, a domain characterized by intricate constraints and
penalty structures. By merging selection-based evolutionary
strategies with domain-specific exact solvers, this approach
achieves a synergistic balance between global search
capabilities and local refinement.

Given the nonlinear and multidimensional characteristics
of the LPTN thermal model, the adoption of advanced
metaheuristic frameworks, particularly SHH and PEA, could
enhance model robustness, convergence behaviour, and
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adaptability. Future research should therefore consider sys-
tematic benchmarking of these methods against the current
GA-based approach to identify opportunities for improved
predictive accuracy and computational efficiency in industrial
applications.

VI. CONCLUSION
This paper provided an overview of the optimization process
for HTCs used in thermal analysis through LPTNs. It also
presented various equations that could be employed to evalu-
ate these coefficients. The optimization methodology, based
on determining the variable values influencing the shape of
the HTC trend, was discussed. The GA-based optimization
approach required reference temperature values obtained
through direct and indirect measurements on manufactured
machines.

The optimization results offered insights into the accuracy
of the calculations and the computational time required.
These coefficients enabled real-time temperature analy-
sis during machine operation based only on measured
parameters (current, rotational speed, and ambient tem-
perature). This information allows the selection of the
most advantageous approximation method for a particular
application, balancing speed and precision of the calculation.
However, the fastest linear approximation is only 3.2%
faster, making the quadratic approximation still the best
choice.

The primary contribution of this work lies in the uti-
lization and comparison of three distinct methods for the
approximation of HTC. When an appropriate method is
selected for a specific application, the proposed process
facilitates the automatic calibration of thermal parameters
through learning-based optimization, directly utilizing mea-
sured data. This calibrated LPTN can serve as a model
for DSP, enabling real-time temperature estimation without
thermal sensors installed in the machine. This approach
contrasts with conventional methods, which often depend
on empirically calculated HTCs to estimate machine tem-
peratures with a higher degree of accuracy. By integrating
LPTN with DSPs and sensor-less temperature estimation,
a cost-effective solution for embedded applications is
proposed.

In the analyzed low-power motor with a commercial
price of approximately 220 EUR, each thermocouple costs
around 20 EUR, leading to a total expense of 140 EUR
when using seven sensors—exceeding 50% of the motor’s
price. Even a reduced setup with three thermocouples still
represents 27% of the machine’s cost.

This study demonstrated the potential of data-driven
thermal modeling as a cost-effective alternative to sensor-
based temperaturemonitoring in electrical machines. By inte-
grating predictive thermal models into the control system,
accurate temperature estimation can be achieved without
reliance on physical sensors, significantly reducing overall
system costs while maintaining effective thermal man-
agement. Although this work was demonstrated on an

outer rotor PMSM, the proposed modeling approach is
broadly applicable and can be adapted to various types of
machines.

Future research will be focused on different forms of
optimization algorithm which can be used to address the
problem of optimization. These algorithms could be more
suitable for more challenging decisions. Moreover, based on
the findings of the present study, only one or two methods for
the approximation of HTC’s could be used. This elimination
of alternative approaches can contribute to the clarity of
future research and papers. This research can advance the
understanding and application of optimization algorithms
in the field of thermal analysis and design of electrical
machines.
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