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Abstract—The market share of electric vehicles is
increasing due to the persistent issues of high harmful
emissions due to the combustion of fossil liquid fuels for
use in conventional prime movers. Electric motors and
batteries are important components of a typical neat
electric vehicle. Electric motors, especially Permanent
Magnet Motors, are crucial in electric vehicles due to
their superior torque-to-inertia ratio, power density, and
efficiency. This study explores thermal analysis
techniques for Permanent Magnet Synchronous Motors
to determine temperature variations and identify areas
requiring effective thermal management. Using a
lumped thermal network and linear equations in
MATLAB, the analysis captures both axial and radial
heat transfer in the motor. Temperatures obtained from
the lumped model for the winding, rotor, stator,
permanent magnet, and casing are 123.76°C, 114.87°C,
120.91°C, 114.87°C, and 87.49°C, respectively. The
obtained temperatures align well with Computational
Fluid Dynamics (CFD) results and experimental data,
highlighting the highest winding temperature during
continuous operation at 4500 rpm. The thermal network
aids in material selection, insulation, cooling methods,
and component design. Additionally, various machine
learning algorithms, including Linear Regression,
Decision Tree, Random Forest, and Support Vector
Machines, predict temperature distributions across
different motor geometries. The Linear Regression
model yielded the highest R-squared value, closely
aligning with the lumped model's predictions for the
winding, rotor, casing, permanent magnet, and stator
temperatures.

Index Terms—Electric Vehicle; Thermal network;

Lumped Parameter; Permanent Magnet Synchronous
Motor; Machine Learning.
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Abbreviations
CFD Computational Fluid Dynamics
IPSM Interior Permanent Magnet Synchronous
motors

LH Lumped Heat transfer

LP Lumped Parameter
MAE Mean Absolute Error
PMS

M Permanent Magnet Synchronous motors
RMS

E Support Vector Regression
RTD Resistance Temperature Detector
SVR Support Vector Regression

1. INTRODUCTION

High-performance electric motors required for traction
applications necessitate high torque and power
densities. The increased current densities associated
with these demands lead to elevated heating of the
stator winding and higher copper losses. Effective heat
dissipation from the winding to the motor casing and
the external environment is essential for maintaining
optimal motor performance [1, 2]. Heat dissipation
techniques typically involve the use of cooling fins
and, in some cases, enclosed fans. However, for
applications with substantial torque demands, forced
cooling methods such as liquid cooling are required to
manage the significant heat generated by the winding
[3]. Commonly used cooling liquids include water and
oil [4]. Liquid cooling is particularly beneficial in
high-torque scenarios as it maintains consistent
temperature control of both the stator and rotor while
potentially reducing the overall motor size.
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To optimize motor design and identify critical
locations susceptible to high temperatures, precise
investigation of temperature distribution across
various motor regions is essential. Lumped parameter
modeling is commonly employed for this purpose and
is frequently used alongside numerical approaches.
While Computational Fluid Dynamics (CFD) can be
time-consuming, it provides accurate results;
therefore, techniques such as Lumped Heat Transfer
(LH) analysis are preferred for quicker and
approximate temperature distributions [5, 6]. LH
analysis assists in identifying problematic regions and
optimizing motor geometry [7, 8]. Research has
applied LH analysis to different motor types, including
Interior Permanent Magnet Motors (IPSM) in both air-
cooled and liquid-cooled configurations [9-12], and
has examined temperature variations across various
water jacket designs [13]. To address complex liquid
cooling arrangements, integrative methodologies
combining CFD and LH analysis have been proposed
[14, 15]. Synchronous motors have also benefited
from LH analysis, leading to improved designs based
on temperature data [16, 17]. Additionally, research
has investigated various fan shapes for enclosed fans
in electric motors to enhance heat transfer and
efficiency [18, 19]. A comprehensive thermal analysis
of electric motors requires an understanding of
complex thermal phenomena beyond basic
geometrical and material properties. Integrating CFD
with empirical data enhances model precision, and
experimental calibration further refines predictive
accuracy [20].

The current trend in railway development focuses on
optimizing energy usage, especially during braking
phases. Researchers have developed a new modeling
approach using Matlab-Simscape™ to analyze energy
optimization in railway systems. The model was
validated on an Italian High-speed line and train,
showing potential for energy savings with the use of
energy storage devices [21].

An Advanced Dynamic Model Predictive Control
(AMPC) based on a Nonlinear Model Predictive
Control (NMPC) framework with a multi-objective
cost function is proposed to improve the energy
performance of fuel cell hybrid electric vehicles while
prolonging their component lifetime. Dynamic
weights are used to formulate the cost function as a
combination of fuel consumption, rate of change of
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fuel cell power, battery power, fuel cell efficiency,
state of charge of the battery, and their temperatures.
A fuzzy cognitive map (FCM) is designed to regulate
the dynamic weights online and adjust the importance
of each cost component according to driving
conditions. The efficacy of the proposed AMPC is
illustrated through simulation using a FCHEV model
from the simulation tool ADVISOR [22].

A work on the impact of thermal management on the
driving range of electric vehicles, specifically the
Tesla Model S and Model 3. The study includes a
parametric analysis of various factors, such as air
conditioning usage, vehicle size, driving cycle, and
ambient temperature, on the range of the vehicles. The
results indicate that turning on the air conditioning
system could potentially reduce the electric vehicle
range by 38-45% in city driving conditions.
Additionally,  higher = ambient  temperatures
significantly decrease the range, with a 13.4%
decrease for the Tesla Model 3 when the temperature
rises from 35°C to 40°C. The study's code is available
as open source on GitHub for further analysis and
concept design of electric vehicle thermal
management [23].

A thermal equivalent circuit (TEC) was used to
analyze the temperature of a wound rotor synchronous
motor (WRSM) with a water-cooling jacket. The TEC
analysis results matched well with experimental and
numerical data, demonstrating its effectiveness in
estimating WRSM temperatures [24].

The technical feasibility and potential of an air-cooled
traction inverter for mid-sized passenger vehicles has
been investigated , with very high heat fluxes and heat
loads. The system uses a heat pipe based air-cooled
heat sink for thermal management of the inverter. The
proposed solution was able to keep the junction
temperature within the required limits, provide
thermal uniformity, handle maximum power surges,
and qualify for start-up from a frozen state. This air
cooling system provides a dedicated and modular
approach, with operational safety, runtime reliability,
and lower system cost compared to liquid-cooled
systems, making it critical for automotive applications
[25].
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An overview of integrated motor drives (IMDs) with a
focus on thermal management of high-specific-output
and high-efficiency electrical machines. It discusses
the evolution of IMDs from the 1960s to the present,
highlighting the integration of electronics with
electrical machines and the challenges associated with
effective heat removal from the machine composite
structure. The review also explores the use of
advanced motor cooling techniques such as direct
winding oil spray cooling, forced air rotor cooling, and
indirect stator-winding heat exchanger cooling.
Additionally, it mentions the wuse of additive
manufacturing, highly integrated heat exchangers,
multi-functional composite materials, and phase
change heat transport and heat storage as promising
solutions for the next generation of IMDs [26].

A parameter-based and thermal model for estimating
rotor temperature in induction machines has been
developed, demonstrating effectiveness under both
full and low load conditions, with estimated
temperatures within 5°C, 10°C, and 2°C of measured
values for 1.5 kW, 18.5 kW, and 210 kW machines,
respectively. Discrepancies arise from measurements
being taken at the end ring rather than directly from
the rotor [27]. The thermal network model accurately
predicts temperatures for a squirrel cage induction
motor at rated load, with errors generally remaining
within practical limits [28]. For a Totally Enclosed
Fan-Cooled (TEFC) induction machine, simulations
using CFD and a Thermal Equilibrium Model (TEC)
are compared with data from Infrared Camera (IR)
sensors, Infrared Sensors (IRS), and IR thermal
cameras. The CFD model accurately predicts steady-
state  temperatures, while the TEC model,
incorporating thermal capacitances and transient
cycles, shows a maximum deviation of 10°C from
measurements for both continuous and intermittent
loading cases, indicating satisfactory accuracy [29].

Recent advancements underscore the growing
significance of machine learning (ML) in electric
vehicle (EV) technology, leading to innovations in
motor design, performance optimization, and
predictive maintenance. Machine learning models,
especially neural network (NN) estimators, have
shown strong performance in predicting motor
position and speed across various dynamic profiles,
with minimal impact from inductance matrix
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saturation, making them suitable for sensorless drives
in electric vehicles [30]. Additionally, a multi-
objective optimization procedure utilizing an
advanced model and machine learning has identified
several design candidates, with one selected for its
optimal performance characteristics. Experimental
validation confirmed significant improvements in key
metrics, and the optimization process effectively
reduced computational time, demonstrating its
feasibility for large-scale applications [31].
Furthermore, machine learning results indicate that the
Fine Tree method excels in forecasting the speed and
torque of permanent magnet synchronous motors,
proving effective for electric vehicle design with
minimal Root Mean Square Error (RMSE).
Nonetheless, challenges persist regarding the model's
robustness across different Original Equipment
Manufacturers (OEMs) and varying parameters, as
well as its handling of motor aging, presenting
opportunities for further research [32].

The present study is distinguished by its use of a
lumped model to capture the motor's transient
behavior. Unlike conventional models that focus
primarily on steady-state conditions, this study
incorporates dynamic aspects to provide a more
comprehensive understanding of motor operation.
Additionally, the motor's winding structure is
distributive, which contrasts with the predominantly
concentrated windings used in other models. The
model's validity is further reinforced through
experimental validation under real-world operating
conditions. The inclusion of transient behavior and
real-world validation enhances the model's reliability
and applicability, offering valuable insights for both
theoretical analysis and practical engineering
applications. Furthermore, machine learning models
are employed to estimate the temperature of motor
components, facilitating an understanding of
temperature variations within the motor across
different geometries.

The methodology for designing and implementing the
lumped parameter model and the setup for the
Computational Fluid Dynamics (CFD) analysis is
presented in detail. It includes the assumptions made,
the calculation of thermal resistances and
capacitances, and the boundary conditions applied.
Further, the experimental setup and machine learning
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models used for temperature prediction will also be
elaborated. The results obtained from the lumped
parameter model and the CFD analysis will be
compared and analyzed. The performance of different
machine learning models in predicting temperature
profiles will also be discussed, highlighting their
accuracy and applicability in the thermal management
of traction motors.

II. METHODOLOGY

A. Lumped Parameter Modelling

Elevated temperatures within the slots can cause the
slot insulation to deteriorate, reducing the lifespan of
both the motor and its insulation. Hence, there is a
necessity for accurate prediction of the temperature in
the motor. An electric motor has many complex
geometries; hence, to model them, a large thermal
model with all paths is required. However, with an
increase in the paths, the complexity and time required
for calculation will also increase due to the complex
geometry and large calculations required. To address
this challenge, it is essential to develop a simple,
efficient, and compact model that can accurately
predict the motor's critical temperature. Therefore, the
symmetry of the motor is invoked, and certain
assumptions like losses are distributed uniformly in
the machines; the axial heat transfer on the shaft and
windings is focused; and the temperature of the casing
is uniformly distributed. The use of these assumptions
and symmetry reduces the number of nodes and
pathways.

The conduction resistance can be evaluated using the
hollow cylinder formula, thus reducing the complexity
of the thermal model.
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Fig. 1: Detailed Illustration of Motor's Physical
Structure showing key components and their spatial
arrangement
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Table 1: Detailed Specifications of Thermal Nodes

Sym | Descript Sym | Descript
bol ion bol ion
amb | Ambient [atr hi.f;j ¢
. Over
Brz | Beanng OH Hang
Cn Center R Rear
. End
!
E Winding Rot Rotor
Exp | Exposed shf Shaft
F Front st Stator
H | Housing W | Winding

The steady LP formulation for the PMSM motor
described is depicted in Fig. 2. This formulation
comprises 22 nodes, symbolizing crucial thermal
elements and temperature elevations. Since the slots
primarily contribute to heat production and the end
windings endure the highest temperature in the motor,
the design procedure and LP formulation give
importance to the windings. As a result, more nodes
are integrated to precisely assess the winding
temperature. Radial modeling is used for these
elements, and homogeneous axial temperature
variation is assumed. There's no gradient in
temperature in the geometry. The housing part
enclosing the stator, the rotor, the magnet, and the
shaft beneath the rotor cover are all modeled as
cylinders. Radial heat transfer is considered in the
stator, air gap, rotor, magnet, and active windings. In
contrast, the shaft, end winding, and housing cases
account for both axial and radial heat transfers.
Convection resistances between the inner air and the
shaft's front and rear sections, end winding, and
bearing are taken into account. Both convection and
radiation modes account for heat transfer from the
housing to the surrounding air. However, radiation
from internal surfaces is neglected. Losses are
allocated to their corresponding components, and
based on the volume of active winding, front-end
winding, and rear-end winding, copper losses are
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Table 2: Breakdown Table 3:
Specifications of

of Power Losses in Capacitorsin

Motor Com ponents Motor System
S".
Sy mb | Description
mb Description ol
ol
Beanng
Peq, Power loss Ches Capacitance
% | from Bearing
i Front End
Pew Power loss Cew Winding
r from Front F Capacitance
| End Winding
Cew RearEnd
Pew Power loss Winding
from rear-end -+ | Capacitance
= winding
c Housng
Puzz | Power loss E | Capacitance

nap from Magnet

Ca= Magnet

Proto Power loss et Capa citance
1 from Rotor
CRrot Rotor
Poa Power loss or Capacitance
or from Stator
Shaft
Power loss Canr Capa citance
Pw from
Winding Csm Stator
or Capacitance
i Winding
Cw Capacitance

distributed accordingly. In the construction of a
lumped model for thermal analysis, thermal
resistances are incorporated to account for changes in
material properties and multiple modes of heat
transfer. When there is a transition from one material
to another, such as from the rotor to the shaft, a thermal
resistance is introduced to represent the change in
thermal conductivity and material characteristics.
Similarly, when more than one mode of heat transfer
is involved, such as conduction from the stator to the
enclosure and convection from the enclosure to the
atmosphere, additional resistances are added to the
model. This approach ensures that the lumped model
accurately reflects the complexity of heat transfer
processes within the motor. By systematically
analyzing the changes in materials and the interactions
of various heat transfer mechanisms, a comprehensive
and precise lumped thermal model can be developed,
enhancing the prediction of temperature profiles
across different motor components under various
operating conditions.
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F1g. 2: Electrical Resistance Model Applied to Motor
Components.

Table 4: Resistance for Various Motor Components

El Conduction from Botor o Stator
R2 Conduction from Magnet to Rotor
R Convection from Stator to hMagnet
Adr
R4 Coaduction from Windings to
Stator core
RS Conduction from Stator core to
Stator volke
R6 Conduction from Stator yoke to
Housing
BT Conduction from Winding to Rear
End winding
RS Conduction from Winding to
Froot End winding
RO Convection from Rear Housng to
ambaent
R10 Conductron from Housing Center
e Froat O Housan
R11 Conduction from Housing Center
R12 Convection from Houwsing centre
1o ambaent
R13 Convection from Fromt Cverhang
Housing to ambient
R14 Conduction from Front Overhang
Housimg to Front Housing
R15 Convection from Fromt Housmg to
amhbaent
R16 Conduchion from Front beaning to
Front Housing
R17 Convection from Front Inside air
to Froat Onverhang Hewsing
R1S Convection from Front Bearmg to
Front Inside Air
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Resistance
Mo, Description
B19 Conduction from Front Shaft to
Front Bearmg
B0 Convection from Exposed Shaft
to asnmbaent
B2l Conductron from Fromt Shaft to
- Exposed Shaft
" Conduction fiom Shaft Center to
Front Ohrerthang Shaft
B3 Convection fiomm Front Onverhang
Shaft to Front Insede Aar
B4 Comvection from Fromt End
Winding to Fromt [nside Aar
R5 Convection from Fear End

Windmg to Rear Inside Sur
BI6 Convection from Rear Insede air
to Fear Oncerhang Housing
Convection from Rear Overhang
Shaft 1o Rear Inside Aar
Comduction from Shaft Center o
Rear Orverhang Shaift
Conduction from Rear Overthang

Shaft to Bear Shaft
B0 Conduction from Rear Shaft (o
Rear Bearing
Conduction from Fear bearing to
Rear Housing
Conduoction from Fear Overhang
Housing 1o Rear Housing
Conwection from Bear Overhang
Housing to ambient
Conducticn from Front Overhang
Shaft 1o Front Shaft
Convection from Froof Bearing
to Fear Inside Adr

aach |

BIE(E|R

B Resistance calculation

Rotor shaft conduction resistance

The rotor and shaft are made up of cylindrical
components so, the resistance between the rotor and
shaft.

R=M (1)
2k L

rotor

Where, 7, is the rotor radius, 7y, denotes shaft
radius, koo represents the rotor’s thermal

conductivity and L denotes rotor axial length.

Rotor magnet conduction resistance

Similarly, the magnets are placed on top of the rotor
and hence the resistance between the rotor and the
magnet can be calculated with an equivalent cylinder
with n6 radian. The resistance between the rotor and
magnet is as follows

I (7 7 Toor )

magnet rotor

nbk_ L

R= 2
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Where, Tiagnet 1 the radius of the magnet, n denotes
the pole numbers, 6 represents one pole in radian and
k., represents the magnet’s thermal conductivity.

Air gap convection resistance

The convection resistance in the air gap between the
stator and the rotor is evaluated using the Taylor-
Coutte flow. The Taylor-Couette flow describes the
fluid dynamics in the air gap without axial flow. The
air gap's hydraulic diameter (D), which can be
explained by the geometry of a concentric annulus,
must be chosen to calculate the Reynolds number [28]:
”'(D;i —Dﬁ,o)

4.4 Y

bi==p= 7-(Ds,~ Dy, ) =Dsi-

D 3)

R,0

Where, Dy ; is the inner diameter of the stator and Dy, ,
is the outer diameter of the Rotor
Further, Reynolds number for air gap is provided by:

a)R ) RR,O ) Dh _ a)R ) RR,o ) 2 ) WA.gap

ReA.gap =

“
A V4

Where, wg denotes the rotor angular velocity and v,

denotes air kinematic viscosity.

Taylor's number for air gap is described as:

3
D
a)]ze .RR . (hj
. WA.gup — ’ 2

2
R, Yy

)

_ p2
Tam - ReA.gap

Further using the Taylor number, the Nusslet number
(Nu) is determined using the heat transfer coefficient
(ha.gap) between the air gap and the stator is evaluated.
2 Ta, <1700
Nu,,, =10.128-Ta,”" 1700 < Ta, <10* (6)
0.409-Ta,”™" 10" <Ta, <10’

()

Where, k, is the thermal conductivity of air.
Resistance in the air gap between the stator and rotor
is as follows

R=1/4

A.gap

’ hA,gap (8)

Stator teeth conduction resistance
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The stator is divided into two sections: the stator teeth

and the stator yoke, to calculate the resistance of the

stator accurately. The teeth are modeled with the

percentage factor.

R: ln(rsm/rst) (9)
2rk L p

Where, 71y; denotes stator inner radius, 7y, denotes

stator means yoke radius, k; denotes stator thermal

conductivity and p denotes the teeth section

percentage to all of the teeth with the slots.

Stator yoke resistance

Stator yoke resistance is calculated using the mean

radius of the stator yoke (73,,) and outer stator yoke

radius ( 7,).

R:—ln(r”/rs’") (10)
27z-kSLY

Where, k; denotes stator thermal conductivity and Lg

denotes the stator axial length.

End winding convection resistance

To determine the convection resistance of the end

winding the convection coefficient is evaluated using

the Schubert’s model [29].

h, =15.5x{1+(0.4v,, )0.9} (11)

Vigir = Tt O] (12)
R=1/4, -h, (13)

Where, h,, denotes the combination of forced and
free convection coefficient of end winding, 1 is the
rotor efficiency and A.,, is the end winding area.
Casing resistance

Heat transfer in the casing is caused by both radiation
and convection. So, to determine the casing both
convection and radiation resistance are calculated and
summed up together.

Radiation from the casing is calculated by

1
R= (14)

0 Ay (T, + Ty )X (T2, + T2,
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Fig. 3: Schematic of Simplified Thermal
Resistance Network

Where, O denotes Stefan-Boltzmann constant, &

represents emissivity, A, , represents the radiation

surface area and Tp
1

Afr 'hﬁn

is the fin temperature.
(15)

Where, Afr denotes the fin area and /1 fin denotes the

forced convection coefficient of the fin. It can be
calculated as follows.

= (e, Dvy, )/ [4XLﬁ" x(1-e” )] (19

0.1448L)% (17)

}0.214

1.16
D x {Kﬁn / pcpvﬁn

Where D denotes the fin hydraulic diameter, L denotes
the fin length and v is the air velocity across the fin.
The final resistance can be determined by adding the
convection and conduction resistance.

Other resistances can be easily calculated using the
corresponding axial length and the cross-sectional
area. To determine the transient response of the system
capacitance is added to the resistance model. The
capacitance is evaluated by multiplying the mass of the
component in kg with the specific heat capacity of the

component in J / kg - K.

C Node Equation

The representation of a particular element using nodes,
along with its associated thermal resistances to the
environment, is referred to as a node configuration.
The node layout shown below is used to calculate
temperature T1 from Fig.3.
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{TI—TZHTI—T;HT]—EJ (18)
RZ R3 Rl

el (eer
R, R R, R, R, R dt

Where R is the resistance, T is the temperature, C is the
capacitance and P is power loss.
Further Equation (19) is written in matrix form as.

dT

C—=P-GT (20)
dt

Where C denotes the capacitance matrix, P is the

power loss matrix and 7' is the temperature matrix.

D CFD analysis

Only the elements deemed necessary from a fluid-
dynamic perspective are addressed to achieve this
goal. For instance, the study does not include washers,
tie rods, O-rings, or any other items crucial to the
mechanical seal and assembly. This is done not just to
obtain a simplified version but also to reduce the
model's size and, in turn, the amount of mesh cells
generated, so simplifying and speeding up the
calculation process. It is a well-known fact that adding
a significant number of details that are in excess from
a thermal perspective can make meshing more difficult
and increase the likelihood of errors.

Fig. 4: Geometric Layout of Motor

The 3D motor model which is shown in Fig. 4 is pre-
processed in commercial software ANSYS platform
and solved in ANSY'S Fluent. The mesh generation of
the model contains 83, 70,381 cells and 364, 18,111
nodes. The mesh's average quality is 0.867. This study
section allows for the determination of the temperature
across various components as well as the verification
of the temperature calculation results from the earlier
LP model.
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E Boundary conditions and solver setup

- A pressure inlet at the enclosure entrance is one of
the enclosure's boundary conditions. This is used to
designate a free intake.

-The enclosure exit has a pressure outlet. This is also
helpful in defining a general pressure that leaves the
boundary.

-Air domain inside the motor is set to frame motion

- The air gap between the rotor and stator is assigned
the same rotational speed as the rotor.

Srusban e vl -

2l
> - —
[ it
Irebet T
By g AsTe
Gt areily

Fig. 5: Applied Boundary Conditions for Thermal
Analysis

The SST k-0 model is used in the solver configuration
and simulation is performed under steady state
conditions. Additionally, the heat source values in
Table 6 are given as source terms at their respective
regions. Also, the value of material properties assigned
to different components of the motor are shown in
Table 5.
Table 5: Matenal
Properties of Motor

Table 6: Heat
L oss Distnibution

Components in Motor
Material Components
Componen B
ts escripti
on
: ADC Heat | Heat
Casing - 12 Sourc loss
Shaft 16MnCr5 é W)
304 Coppe ad
Beanng Stainless rLoss
Steel Core p
nding Copper Loss <
NdFeB Magn
Maget | NussH et | 11
Stator & Loss
ator & S OS:
35C270 Fnctio
Rotor Core igona 11
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FE Experimental setup

An experimental phase was conducted to verify and
assess the performance of the developed LH thermal
model for PMSM, as well as to ascertain the accuracy
of temperature predictions in critical regions of the
motor. Below is a summary of the experimental
procedures carried out to validate the model. A data
acquisition system was used in the testing setup
(shown in Fig. 6) to monitor several parameters,
including the power factor of each phase, temperature,
voltage, current, and injected power. Three RTD
sensors were installed in the PMSM for the thermal
test. Each RTD was inserted into the end winding
section of every phase.

Power supply

1. | == Controller and
w @ A T data acquisition
= 2

L]

g ST e
L =i
s

X

’

Dynamometer

-

Electnc motor

Fig. 6: Experimental Setup for Thermal Testing

G Machine Learning models

Data Description

The dataset comprises 1000 samples, encompassing
41 input variables and 5 output variables derived from
the lumped model. The input variables include 35
thermal resistances from the lumped model, ambient
temperature, and 5 heat losses. Output variables
consist of the temperatures of various components:
winding, casing, stator, rotor, and magnet. Before
applying machine learning techniques, the dataset
underwent preprocessing steps to handle missing
values, normalize features, perform feature scaling,
and address outliers. Furthermore, feature engineering
techniques were utilized to extract pertinent
information and augment the predictive capacity of the
models.

Selection of Models

To effectively address the multidimensional nature of
the dataset and optimize motor performance, a range
of machine learning algorithms were explored,
including:

i. Linear Regression: It is a parametric approach that
models the relationship between the target temperature
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Y and a set of input features X using a linear equation.
The model estimates coefficients that minimize the
sum of squared differences between observed and
predicted temperatures. Despite its simplicity, linear
regression can provide baseline predictions for
temperature profiles, particularly useful when the
relationships between input features and temperature
are approximately linear.

ii. Decision Tree Regression: Non-parametric
technique that splits the dataset into subsets based on
feature values, constructing a tree where each node
represents a decision rule. The tree is built by
recursively partitioning the data to minimize variance
within each subset. Decision trees can model non-
linear relationships and interactions between features.
Random Forest Regression: Random Forest
Regression builds an ensemble of decision trees and
aggregates their predictions. Each tree is trained on a
random subset of the data with feature sampling to
ensure diversity and robustness. random forests
enhance the predictive accuracy and generalization
ability, effectively handling complex interactions and
non-linearities in the data.

iii. Support Vector Regression (SVR): Aims to find a
function that deviates from the target values within a
specified tolerance while minimizing model
complexity. Chosen for its effectiveness in managing
datasets with complex relationships and possible
nonlinearities.

Training and testing of model

To train and evaluate the models' performance, the
dataset was divided into the ratio of 3:1 training and
testing sets. Cross-validation approaches were used to
increase robustness and reduce overfitting. The
performance of each model was assessed using
appropriate metrics, including R-squared (R?), Root
Mean Squared Error (RMSE), and Mean Absolute
Error (MAE). Hyperparameter tuning was used to
improve the performance of each machine-learning
method. Grid search and randomized search
algorithms were used to quickly explore the
hyperparameter space and determine the best
configuration for each model. In a grid search, a
systematic approach is used to explore a predefined set
of hyperparameter values. The model is trained and
evaluated for each combination of these
hyperparameters  using  cross-validation.  The
combination that results in the best performance is
then selected. For example, hyperparameters such as
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the number of trees (n_estimators), maximum depth
(max_depth), and maximum features (max_features)
are varied across predefined ranges. Randomized
Search samples a fixed number of hyperparameter
combinations from specified distributions, evaluating
the model performance for each combination. It is
more efficient than Grid Search, particularly with large
hyperparameter spaces. For example, in an SVR
model, hyperparameters like the regularization
parameter (C), epsilon (epsilon), and kernel
parameters (gamma, degree) are sampled from
specified distributions.

III. RESULTS AND DISCUSSION

A Results obtained with Lumper Parameter model
The temperature distribution is determined by solving
the resistance network depicted in Fig. 2 using
MATLAB node equations, with the results presented
in Fig. 7. The motor's power loss and the materials
employed are listed in Tables 5 and 6 respectively.

Winding
200
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Fig. 7: Temperature Distribution Across Motor
Components
— :

Fig. 8: Temperature Contour of the Entire Motor

From the above graph, it can be seen that the
temperature of the winding is the highest, and based
on this temperature other component temperatures are
determined. This is true since the heat loss in the
winding is the highest compared to the other
components.

B Results obtained with CFD

The temperature contours of different parts of the
motor are shown in Fig. 8-9. Since most of the heat
loss is observed in the winding it is expected that the
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winding will have a high temperature compared to
other components of the motor and the same is
reflected in CFD simulation. It can also be seen that
the air gap between the rotor and stator has a
significant influence on the temperature variation in
the rotor.
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Fig. 9: Temperature Contour Maps for Individual
Motor Components: a) Stator b) Winding ¢) Rotor d)
Magnets

From the above simulation, the average temperature of
different components at steady state can be
determined, and it is compared with values obtained
from the lumped model in Table 8.1t can be seen that
there is a good agreement with the lumped model and
CFD results.

Table 8: Comparison of Temperature Predictions from
CFD and Lumped Parameter Model

Average LP model
Component Erro
s Temperatur | Temperatur r (%)

e (*0) e (°C)

Winding 122 123.76 -1.44
Stator 118 120.91 -2.47
Magnet 113 114.87 -1.65
Rotor 113 114.87 -1.65
Casing 86 87.49 -1.73
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C Validation with Experimental Results

The experiment was designed to evaluate the accuracy
of a lumped thermal model by comparing its
predictions to real-world temperature measurements.
Conducted over three separate trials, the experiment
aimed to test how well the lumped model, which
simplifies thermal management analysis by assuming
uniform heat distribution, matched actual motor
temperatures.

In each trial, temperatures were recorded at various
locations on the Permanent Magnet Synchronous
Motor (PMSM) using RTD. The average temperatures
from these trials were then compared to the
temperatures predicted by the lumped thermal model.
Fig. 10 illustrates this comparison, showing that the
model’s predictions for the end-winding temperature
deviated by only 1.77% from the experimental
measurements.

The small discrepancy between the analytical
predictions and the experimental data highlights both
the strengths and limitations of the lumped model.
While the model’s assumption of uniform heat
distribution and the use of mean temperature
parameters provide a useful approximation, they do
not fully capture the complexities observed in the
experimental results. In practice, the experimental
approach, which involves detailed measurements at
specific locations, reveals variations in temperature
that the lumped model’s assumptions might overlook.
These findings underscore the importance of
validating theoretical models with experimental data
to account for real-world complexities. The lumped
model offers a simplified method for thermal analysis,
but the experimental data demonstrates that detailed,
localized measurements are crucial for a
comprehensive  understanding of  temperature
distributions and thermal behavior in electric motors.
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Fig. 10: Temperature Variation in Motor Winding
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D Prediction of temperatures using Machine Learning
The performance of different models was determined
using performance metrics like R-squared (R?), Root
Mean Squared Error (RMSE), and Mean Absolute
Error. The model with high R-squared (R?), low Root
Mean Squared Error (RMSE), and Mean Absolute
Error are employed for temperature prediction. From
the results, it is evident the linear regression model is
the most suitable and can be used to determine the
temperature of various components in motor
geometry.

The values of different performance metrics are shown
in Table 9 for different components of the motor.
Further, the linear regression plot of different motor
components is shown in Fig. 11. It can be seen the test
and the train data in the linear regression model are in
good agreement with each other.

wr | i

i : i

F
i

Fig. 11: Linear Regression Analysis of
Temperature Prediction for a) Winding
temperature b) Casing temperature c) Rotor
temperature d) Magnet temperature and e) stator
temperature
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Table 9: Performance Metrics of Machine
Learning Models for Temperature Estimation
Regression )
Model R MAE RMSE
Linear 0997 | 0282 | 0352
Regression
Decision Tree 0.651 1.529 1.917
Random forest | 0.844 1.005 1.279
SVR. 0.917 0.773 0.939
Regression
Regression
R? MAE RMSE
Model S
Linear 0961 0492 | 0588
Regression 7
Decision Tree sz 1.581 1.988
.84
Random forest 0? 1.004 1.276
VR .92
S . 0.9 0.738 0.908
Regression 2
Regression R? MAE RMSE
Model
Linear 0983 | 0669 | 0831
Regression
Decision Tree 0.623 3.104 3.861
Random forest 0.810 2.146 2.734
SVR Regression | 0.958 1.018 1.295
Regression R? MAE RMSE
Model
Linear 0999 | 0.147 0.207
Regression
Decision Tree 0.645 1.555 1.934
Random forest 0.843 1.011 1.284
SVR Regression | 0.920 0.743 0.917
Regression )
Model R MAE RMSE
Linear 0991 | 0509 | 0.661
Regression
Decision Tree 0.592 3.150 3.950
Random forest 0.835 1.968 2.518
SVR. 0.976 0.742 0.947
Regression

IV. CONCLUSION

In the present work, a lumped analysis approach is
followed to construct a thermal network to determine
the temperature profiles within a PMSM. The
approach exhibited rapid and accurate results in the
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motor's  thermal analysis. The steady-state
temperatures of various motor components identified
through network analysis are noted to be in good
agreement with those obtained using CFD.

The LP approach is specifically utilized to estimate the
average temperature of individual motor components,
considering the complex heat transfer mechanisms and
motor design. CFD analysis is employed to assess
temperature variations within a motor component. The
approach can be adapted for applications with diverse
cooling methods, including rotor air cooling, liquid
cooling, and internal fans, among others.

Additionally, the proposed thermal analysis approach
can incorporate various motor geometries, air gap
lengths, and magnet arrangements that can be included
in the suggested thermal analysis approach, LH
analysis has inherent limits along with its benefits. A
promising method that strikes a balance between
accuracy and speed is to combine restricted CFD with
LH analysis.Machine learning models are employed to
provide valuable insights into the effects on the
temperature of the motor components due to changes
in motor geometry. Among the four models tested and
trained, it is observed that predictions made through
the Linear regression model yielded results in line with
the LP model with the highest R? value for
temperatures of Winding, Rotor, Casing, Permanent
Magnet, and Stator temperatures.

Future research will focus on integrating advanced Al
techniques to further enhance thermal analysis. Deep
learning models will be explored for their ability to
capture complex patterns in temperature data, while
reinforcement learning will be applied to optimize
cooling strategies and design parameters. This
integration aims to address transient real-world
conditions, such as varying operational loads and
environmental factors, providing more robust and
adaptable thermal management solutions. Ultimately,
these advancements are expected to lead to more
precise, efficient, and adaptable thermal management
strategies for modern electric motors, improving
performance and reliability in diverse applications.
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