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ABSTRACT Temperature monitoring of rotating electric machines is necessary to ensure proper and safe
operation. In many difficult-to-access locations, such as the rotor, direct measurements are difficult to
implement due to complexity and cost limitations. Estimation methods are a valid alternative and, among the
possibilities, low-order lumped-parameter thermal networks offer simplicity and computational affordability
for their implementation in real time. However, a critical factor influencing the performance of these models
is the accurate estimation of the initial state. This paper develops and validates a two-node thermal network
that uses winding temperature feedback to estimate the rotor temperature in an outer-rotor permanent-
magnet synchronous machine. The proposed method is validated using a comprehensive experimental
dataset collection, including a standardized driving cycle across diverse coolant temperatures and flow rates.
It is demonstrated that the proposed solution achieves a root-mean-squared temperature error of 1.09◦C in
average across the validation duty cycles.

INDEX TERMS Lumped-parameter thermal networks, low-order models, temperature estimation,
permanent-magnet synchronous motors.

I. INTRODUCTION
Permanent-magnet synchronous machines (PMSMs) are
used in a wide range of applications. In electric mobility
solutions, they are favored due to their advantageous
power and torque densities, efficiency and reliability [1].
Nonetheless, demanding duty cycles, which are evident in
vehicle traction applications, can lead to an irreversible
demagnetization of the rotor permanent magnets due to
overheating [2]. High temperatures may damage the quality
of the winding insulation. Since thermal incidences can
potentially degrade performance, temperature monitoring is
key for guaranteeing the integrity of the motor. For these
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reasons, thermal diagnosis methods represent a research area
that has garnered significant interest from both industry and
academia [3].

PMSMs in electric vehicles typically incorporate thermis-
tors (e.g., PT100) as temperature sensors embedded in the
winding hotspots [4]. They are used to prevent faults due
to insulation melting and accelerated aging from excessive
thermal loads [5]. However, the direct monitoring of the
magnet temperature is more critical due to the issues asso-
ciated with rotational motion, especially at high speeds [6].
Direct contact methods require additional elements for
signal transmission, such as slip rings and brushes or
wireless transmitters/receivers. These additional subsystems
significantly increase the complexity of the machine [7].
Moreover, the minimal space in the air gap and the magnet
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slots hinders the placement of physical sensors. Alternatively,
contactless measurements using infrared sensors [8] or
thermal imaging cameras are cost-prohibitive for the vast
majority of applications in the industry. These solutions
require the visibility of the magnets, which may not be viable
for all applications [9].
With this background, an extensive set of temperature

estimation methods has been proposed in the literature
in recent years. These approaches can be categorized as
model-based, physics-informed, and data-driven [4]. Model-
based methods include computational fluid dynamics and
finite element analysis [10]. Although these calculations can
be refined to attain high precision, they are not suitable
for real-time applications due to their calculation time
and computational effort. Electrical model-based methods
are centered on observing a temperature-related electrical
parameter by direct or indirect means. The former can be
based on injecting a high-frequency signal carrier to estimate
the stator impedance, which can be correlated to the magnet
temperature [11]. This technique increases the power losses
significantly, and its measurements are strongly sensitive to
noise. Flux observers are an example of an indirect method
exploiting the linear relationship between magnet flux and
magnet temperature [12]. However, since the magnet flux
depends on the back-electromotive force of the machine, low-
speed performance becomes poor in terms of signal-to-noise
ratio [13].
Physics-basedmethods are those centered onmathematical

representations of physical phenomena, offering the key
advantage of interpretability [4]. The lumped-parameter
thermal network (LPTN) is one such method, where heat
transfer dynamics are represented as a set of ordinary
differential equations governing an equivalent electrical
circuit. LPTNs can be classified according to model order,
i.e., the number of thermal nodes or states in the system.
They can be categorized into (i) dark gray-box LPTN (with
two to four nodes), (ii) light gray-box LPTN (with five
to fourteen nodes), and (iii) white-box LPTN (with fifteen
nodes or more) [14]. Low-order models have gained attention
for real-time applications due to their simplicity, which
facilitates their implementation and deployment on low-cost
microcontrollers. Moreover, parameter identification can be
performed using experimental measurements to fit the model
parameters without requiring considerable information about
the machine’s properties [15].

Data-driven approaches have also been explored in the
literature, with solutions including Long Short-termMemory
(LSTM) networks [16], [17], combinations of diverse neural
networks (NNs), such as recurrent and convolutional NNs
(RNNs and CNNs, respectively) [18] and feed-forward
NNs (FFNN) [19], and supervised machine learning (ML)
methods [20]. Although these methods can provide an
accurate temperature estimation and no machine parameters
are required to be known a priori, they need large datasets that
cover the entire operating range of the machine for proper
tuning or training [9]. Additionally, they have significantly

more parameters than reduced-order LPTNs, making their
real-time implementation almost impractical in low-cost and
real-time hardware [21].
The work herein proposes and analyzes a second-order

lumped-parameter thermal network to estimate the rotor
temperature of an outer-rotor radial-flux PMSM for auto-
motive powertrains. This method guarantees affordability
from the computational standpoint, while still providing
acceptable temperature estimates. In particular, to enhance
accuracy, temperature feedback from the machine’s winding
is included as an input to the LPTN. Unlike flux observers,
which infer themagnet temperature indirectly from variations
in magnetic flux and are highly sensitive to parameter
uncertainties, a dedicated sensor embedded in the windings
offers a direct measurement of the temperature changes
within the machine [22]. Additionally, a method for properly
setting the initial conditions of the LPTN is proposed.
The presented approach is validated through a complete
dataset collection, including stationary working points and
a standardized driving cycle, where the behavior of the
cooling circuit is varied intentionally to study the heat transfer
features of the machine under study. Finally, the real-time
deployment feasibility of the proposed method is tested on
a Texas Instruments TMS320F28069M microcontroller.

II. METHOD
The present method is based on the use of a low-order
LPTN to reproduce the temperature behavior of a powertrain
machine. An LPTN is generally formed by four key element
types: temperature sources, thermal capacitances, power
losses, and thermal resistances. In the electrical domain, these
are equivalent to the voltage sources, electrical capacitances,
current sources, and electrical resistances, respectively [14].

FIGURE 1. Second order lumped-parameter thermal network (LPTN) with
winding temperature feedback. Estimated temperatures are marked in
blue.

The LPTN shown in Fig. 1 is based on the low-order model
for PMSMs proposed by Wallscheid and Bocker [14]. This
system solves for the temperatures of the stator (θs) and the
rotor (θr). These variables constitute the states of the system,
while the temperatures of the coolant (θc), winding (θw)
and ambient (θa) are known measurements. From a practical
perspective, these latter variables are available from dedicated
sensors that can be easily installed. This is not the case for
the rotor, where the positioning of a measurement device is
complex and costly.

Terms Cs and Cr denote the thermal capacitances of
the stator and rotor bodies, respectively. Due to the speed
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convection and coolant temperature-dependent resistances
present in the network, the LPTN is a linear parameter-
varying model. Therefore, the thermal resistances are
classified into convection resistances (Rwr, Rsr,Rra), and
conduction resistances (Rcs,Rsw). Rsw is a fixed conduction
resistance, while Rcs is a coolant temperature-dependent
resistance modeled using

Rcs = Rcs0 [1 + αcs(θc − θc0)] (1)

αcs ∈ {R | −1%/K ≤ αcs ≤ 0} (2)

where θc0 is the nominal coolant temperature (40◦ C). The
speed-dependent convection resistances are modeled using
the equations introduced in [23] and [24]:

Rij(n) = Rij0 exp
(

−
ω

ωmax

1
bij

)
+ aij (3)

with

Rij0 ∈
{
R | 0 ≤ Rij0 ≤ Rij0,max

}
bij ∈

{
R | 0 ≤ bij0 ≤ bij0,max

}
aij ∈

{
R | 0 ≤ aij0 ≤ aij0,max

}
where Rij0, bij, and aij are constants to be fitted, while ω is the
motor speed. Thus, the resistance can be split into a constant
and exponential terms, the latter being dependent on ω.
Power losses in the stator yoke, rotor yoke, and magnets

are derived from finite-element computations using Ansys
Motor-CAD and stored into dedicated look-up tables. Specif-
ically, iron losses in the stator and rotor laminations are
governed by the Bertotti model [25], characterized by hys-
teresis, eddy currents, and excess loss components. Magnet
Joule losses due to eddy currents are also computed [26].
In the LPTN node, the rotor power source Pr groups the rotor
yoke losses (Pry) and magnet losses (Ppm):

Pr = Pry + Ppm (4)

Fig. 2 shows the normalized total electric losses in
the torque-speed plane used in the model. They are the
summation of the stator and rotor components:

P = Ps + Pr (5)

The heat transfer in each node of the LPTN can be
represented as an ordinary differential equation given by [3]

Ci
dθi(t)
dt

=

∑
j=1
j̸=i

θj(t) − θi(t)
Rij

+

m∑
k=1

θex,k (t) − θi(t)
Rik

+ Pi(t)

(6)

where i = 1 . . . n are the LPTN nodes containing the
thermal capacitances Ci and the power sources Pi, while
k = 1 . . .m are the boundary nodes represented by the
temperature exogenous sources θex. The resulting equations
can be expressed in state-space form:

ẋ = Ax + Bu (7)

FIGURE 2. Total electric losses in the rotor and stator power nodes
plotted in the torque-speed plane.

y = Cx + Du (8)

where

A =

−
Gsw + Gsr + Gcs

Cy

Gsr

Cy
Gsr

Cm
−
Gra + Gwr + Gyr

Cm


B =

[
C−1
s 0 C−1

s Gsw C−1
s Gcs 0

0 C−1
r C−1

r Gwr 0 C−1
r Gra

]
C = I2×2, D = 02×5

x =
[
θs θr

]⊤
, u =

[
Ps Pr θw θc θa

]⊤
The term Gij is the thermal conductance which is the

inverse of the thermal resistance between nodes i and j.
Due to the linear time-variant behavior, the LPTN is

discretized using the explicit Euler method using a first-order
approximation:

8̂ = I + TsA (9)

H = TsB (10)

where I is the identity matrix and Ts is the sampling time.
As indicated by [27], the model is numerically stable if
the eigenvalues si of the continuous-time system fulfill the
following inequality:

si +
1
Ts

<
1
Ts

(11)

A. EXPERIMENTAL DATA
A comprehensive dataset collection was produced for tuning
and validation purposes which is listed in Table 1. The testbed
setup consists of two 200-kW in-wheel electric machines
mounted in a back-to-back configuration. Both machines are
identical outer-rotor radial-flux surface-mounted PMSMs:
one is the tested prototype, while the other is the load
machine. Machines have 180 slots and 60 magnet poles,
with an outer diameter of 456 mm and a stack length of
73 mm. They can reach a maximum torque of 1.65 kNm and
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a maximum speed of 1.3 kr/min. The cooling system consists
of a cooling jacket circulating a liquid coolant. A note is that
this test configuration was previously used in [22], however,
the dataset is entirely different as described subsequently.

The tuning dataset is based on nine tests which can be
grouped into three categories. The first category, labeled
WLTP, is illustrated in Fig. 3. It consists of a pre-
heating period followed by theWorldwide Harmonized Light
Vehicles Test Procedure (WLTP) type 3 driving cycle. This
speed profile was prepared to satisfy the demand of an
electric powertrain for anA-class vehicle. Additionally, it was
included as a more realistic scenario for the temperature
estimation compared with most of the efforts in the liter-
ature, which consider steady-state working points almost
exclusively. The second category, named LS, consists of
two preheating periods, as seen in Fig. 4: one at low speed
(50 r/min) and another at medium speed (600 r/min). These
two conditions were selected to fit the speed-dependent
convection resistances in a sufficiently wide speed range.
These first two driving cycle categories were conducted
at inlet coolant temperatures of 0◦ C, 20◦ C, 40◦ C and
60◦ C. It is worth noting that the flow rate was controlled
using a manual valve. Thus, it varied during the tests due
to temperature-induced changes in the fluid’s density and
viscosity. The third category is a continuousworking point C1
at 370 r/min and 600 Nm. This condition, selected because of
its high coolant flow rate (14.8 l/min), sets a sufficiently large
upper bound for parameter fitting purposes.

The validation dataset consists of five tests. The first is
denoted as a pulse-hold cycle (PH), a set of continuous
working points that covers all the speed operating range of the
machine (see Fig. 5). Subsequently, two mixed driving cycles
are applied with preheating and the WLTP (see Fig. 3). Both
cycles apply coolant flow rates of 10.7 l/min (WLTP-FR1)
and 14.9 l/min (WLTP-FR2), respectively, while the inlet
coolant temperature is set to 20◦ C. Finally, two steady-state
working points (C1, C2) are evaluated. The latter requests a
slightly larger torque of 700 Nm with respect to C1 at the
same angular speed.

Table 1 summarizes the features of all the duty cycles
aimed at the tuning and validation steps.

TABLE 1. Tuning (T) and Validation (V) duty cycles parameters.

FIGURE 3. Driving cycle displaying preheating and WLTP portions. Motor
torque (top) and angular speed (bottom).

FIGURE 4. Driving cycle for low and medium speeds. Motor torque (top)
and angular speed (bottom).

FIGURE 5. Pulse hold driving cycle. Motor torque (top) and angular speed
(bottom).

In the experimental setup illustrated in Fig. 6, the dyno
load imposes its angular speed to the unit under test, which
in turn is torque-controlled. The winding temperature is
measured in its end-turn hotspot using a glass-encapsulated
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thermistor (TDKEPCOSB57551G1103). The thermistor has
a resistivity tolerance of ±2% or ±0.4◦ C that covers the
range within −10 and 300◦ C. Two additional thermistors of
the same type are used to monitor coolant temperature at the
inlet and outlet of the circuit. The input coolant temperature
for the model θc is the average between the inlet θin and outlet
θout temperatures. Additionally, the ambient temperature θa is
equalized to a constant, measured room temperature.

The rotor surface temperature is registered using an
infrared sensor Calex PyroCouple PC151MT-0 characterized
by a fixed emissivity (0.95) within the operating range
from 0 to 250◦ C. The sensor has a repeatability of ±0.5%
or ±0.5◦ C, and an accuracy of ±1% or ±1◦ C, whichever is
larger from both values. The inclusion of this sensor allows
for the validation of the low-order LPTN model, as the rotor
temperature is the most relevant state of interest.

A National Instruments cDAQ 9184 chassis equipped with
a 9205 16-bit analog input module was used to acquired the
temperature data. The torque was registered using a Kistler
4503A2K0L00B1000 torque transducer that has an accuracy
of ±1 Nm. It was located in a series configuration between
the rotor of the two machines and includes a built-in speed
transducer. The data was captured using a sampling frequency
of 5 Hz which guarantees covering the main thermal and
mechanical dynamics with enough temporal resolution.

FIGURE 6. Back-to-back motor testbed to produce the datasets for tuning
and validation of the LPTN model. a⃝ Dyno load motor, b⃝ torque meter,
c⃝ motor under test, d⃝ current proble (×3), e⃝ coolant reservoir, f⃝
three-phase inverter (×2), g⃝ flexible coupling (×2), h⃝ frame, i⃝ phase
connections and cooling pipes.

B. LPTN PARAMETER TUNING
A total of fourteen parameters of the second-order LPTN
can be tuned using particle swarm optimization through the
method described in [14]. This algorithm is a stochastic
population-based approach where a collection of individ-
uals (particles)—combinations of parameters to tune—are
attracted to a best location with reference to a cost
function value and the entire population, until a convergence
criterion is achieved. Initial parameters can be approximated

using the analytical formulas for heat transfer in electrical
machines [23], [24]. Optimization boundaries are defined
to avoid tuning values that have no physical sense. The
optimization objective is to find the set of parameters p
that minimizes the mean-squared error (MSE) between the
measured (θr) and estimated (θ̂r) rotor temperatures across n
samples:

MSE =
1
n

n∑
i=1

εr,i(p)2 (12)

where εr,i = θr,i − θ̂r,i. The average MSE is calculated
considering data from the nine tuning tests.

A sampling period Ts = 1 s is selected to achieve
numerical stability when discretizing, as expressed in (11),
while also reproducing the thermal behavior of themachine in
real time. A preliminary sensitivity analysis on a significantly
smaller time step of 1 ms showed that the accuracy is
comparable. However, a low-pass filter may be required at
the input of the torque to average contributions that demand
a bandwidth above 1 Hz. It is worth noting that in this case,
no data filtering is applied because torque requests follow the
temperature dynamics.

The optimization solver stopping criterion is set to a
function tolerance of 0.05◦ C. The Parallel Optimization
Toolbox is used to parallelize the work in sixteen instances
of MATLAB R2025a to reduce the computational time. The
identification process takes about 2 hours in a workstation
equipped with an AMD Ryzen 9 3950X 16-core processor
(3.49 GHz) and 64 GB of RAM. The identified values and its
boundaries are listed in Table 2.

TABLE 2. LPTN parameters following the tuning procedure.

C. LPTN INITIAL CONDITIONS
The accuracy of the LPTN model is highly sensitive to the
initial temperature conditions. This issue is more relevant in
the estimation of the rotor/magnet temperature due to its large
thermal time constant. Therefore, any deviation in the initial
value will significantly increase the time the model takes
to converge. Indeed, the initial temperature determination
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has been scarcely discussed in the literature, where most
of the works use the initial measured temperature equal to
fixed initial conditions [6], [9], [14], [15], [28]. Nevertheless,
a practical real-time implementation requires the knowledge
of proper initial conditions to guarantee fast convergence and
thus, minimal estimation error. Liang et al. recently proposed
a method to determine the initial temperatures for real-time
thermal models based on the temperature information of a
sensor installed in the active winding or end winding [29].
On the other hand, [30] have used random initial conditions
within an expected operating range to fit the parameters of
the thermal network, thus making the model robust against
variability.

The top of Fig. 7 shows a box plot of the coolant,
winding, ambient, and rotor initial temperatures across the
tuning and validation datasets. It is observed that the coolant
and winding temperatures have a close median, interquartile
range, minimum and maximum values. The reason is that
measurement logs were captured starting with the electric
motor turned off, while the cooling circuit was working
for a sufficiently long period to achieve a thermal steady-
state condition. Since conduction heat transfer is predominant
between the winding and the stator, the coolant and winding
temperatures result in similar values. On the other hand, the
estimation of the rotor temperature requires a temperature
with a lower median than the previous two, which can only
be achieved with the ambient temperature. Therefore, the
combination of the coolant and ambient temperatures is
evaluated to find an optimal relationship using

θic = θic,a(1 − xf) + θic,c xf (13)

xf ∈ {R | 0 ≤ xf ≤ 1} (14)

where xf is a fraction coefficient and the subindex ic refers
to the initial condition. It should be noted that the winding
temperature can be used instead of the coolant temperature
due to the reasons discussed previously. Here, the coolant
temperature was preferred since it is a sink temperature, as is
the ambient temperature.

The middle plot in Fig. 7 depicts the mean-squared error of
the initial rotor temperature—denoted MSE1—as a function
of the fraction coefficient xf using (14) across all the datasets.
Results show that the minimal MSE, marked with a star in

Fig. 7, is located at xf = 0.46 and MSE1 equal to 10.05◦C2.
Since the fraction coefficient is very close to the average
condition (xf = 0.5), a simple average between the initial
measured coolant and ambient temperatures is performed:

θr,1 =
θc,1 + θa,1

2
(15)

The outcomes from applying the initial condition in (15)
are shown at the bottom of Fig. 7. The initial error in this
condition has a mean absolute error of 2.4◦ C, a MSE1 of
10.56◦C2, and a maximum value of 8.18◦ C.
Oppositely, if the rotor initial conditions are defined equal

to the average ambient temperature, 20◦ C, which is a
common assumption due to the large surface area of the

rotor with the air, the performance is notably decreased. The
initial error has a mean absolute value of 8.95◦ C, a MSE1 of
130.82◦C2, and a maximum value of 21.43◦ C.

FIGURE 7. Rotor initial condition analysis. Box plot of initial temperature
for the measured thermal nodes (top). Sensitivity analysis of the
mean-squared error for the rotor initial condition as function of the
fraction coefficient where the star marks the minimal value (middle).
Temperature error for the rotor initial condition when xf = 0.5 for the
fitting (blue) and validation (orange) datasets (bottom).

In contrast, the stator temperature tends to be similar to the
winding temperature in steady state due to its proximity and
the conduction heat transfer mechanism. Therefore, the initial
measured winding temperature becomes the initial condition
for the estimated stator temperature: θs,1 = θw,1.

III. RESULTS
The performance of the model in both tuning and validation
duty cycles is assessed using the instantaneous rotor temper-
ature error εr. Performance metrics of mean-squared-error
(MSE), root-mean-squared error (RMSE), mean absolute
error (MAE), infinity norm error (∥εr∥∞), and R-squared
value (R2) were computed from the instantaneous error using:

MSE =
1
n

n∑
i=1

ε2r,i (16)

RMSE =

√√√√1
n

n∑
i=1

ε2r,i (17)

MAE =
1
n

n∑
i=1

|εr,i| (18)
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∥εr∥∞ = max
i

|εr,i| (19)

R2
= 1 −

∑n
i=1(θr,i − θ̂r,i)2∑n
i=1(θr,i − θ̄r)2

(20)

where n is the sample size and θ̄r is the mean of the
rotor temperature measured values. In particular, the infinity
norm error provides a measurement of the largest deviation
between predicted and observed values, whereas the R-
squared value quantifies the level of variation in the
dependent variable that can be explained by the model.

Additionally, the normalized root-mean-squared error
(NRMSE) is derived from the ratio of the RMSE and the
observed standard deviation (σr), which makes it dimension-
less. It produced the normalized difference between observed
and predicted values given by

NRMSE =
RMSE

σr
=

√∑n
i=1

(
εr,i − ε̂r,i

)2√∑n
i=1

(
εr,i − ε̂r

)2 (21)

The previous metrics have been used extensively in the
literature to evaluate the model performance [14], [19], [22],
[31], [32]. Table 3 and Table 4 display the results for these
metrics for the tuning and validation datasets, respectively.

Figures 8 and 9 show the measured temperature in the
windings (top), measured and estimated rotor temperatures
(middle), and instantaneous rotor temperature error (bottom)
for the WLTP cycles and LS cycles from the tuning dataset,
respectively.

FIGURE 8. WLTP cycles for tuning at different inlet coolant temperatures.
Winding temperature measurement (top), rotor temperature (middle),
and rotor temperature error (bottom). For the rotor temperature,
measured (solid) and estimate (dashed) are shown.

FIGURE 9. LS cycles for tuning at different inlet coolant temperatures.
Winding temperature measurement (top), rotor temperature (middle),
and rotor temperature error (bottom). For the rotor temperature,
measured (solid) and estimate (dashed) are shown.

Figure 10 plots the same variables for the pulse-hold (PH)
validation cycle at 20◦ C, which is the longest dataset.
Finally, WLTP validation dataset results appear in Fig. 11,

while Fig. 12 illustrates the obtained behavior for the
continuous working points, covering both the tuning and
validation datasets.

In order to evaluate the performance in real-time hard-
ware, a Processor-in-the-Loop (PIL) simulation was per-
formed using MATLAB and a C2000TM LaunchPad with a
TMS320F28069M microcontroller from Texas Instruments.
The microcontroller features 90 MHz of operating frequency,
256 KB of flash memory and 100 KB of RAM. Results
show an execution time of 19.7 [µs] and a CPU utilization
of 0.002 [%].

IV. DISCUSSION
Table 3 shows that the MSE, RMSE, and MAE decrease with
the increase of the inlet coolant temperature for theWLTP and
LS cycles. This trend is clearly observed in Fig. 9, where the
additional effect of a reduced error in the initial conditions
with the increased inlet coolant temperature contributes to
a favorable estimation performance. Moreover, the error in
steady-state for all the inlet coolant temperatures is close to
zero, which highlights a good convergence against diverse
initial conditions, with a maximum estimation error of 8.5◦ C.
The performance of the WLTP cycles (see Fig. 8) indicates
a steady-state error within ±2◦ C. This value is shown to
decrease with higher coolant temperatures. Nevertheless, the
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TABLE 3. Performance metrics evaluated with the tuning dataset. Refer to Table 1 for details regarding the duty cycles.

TABLE 4. Performance metrics evaluated with the validation dataset. Refer to Table 1 for details regarding the duty cycles.

FIGURE 10. PH cycle for validation at an inlet coolant temperature of
20◦ C. Winding temperature measurement (top), rotor temperature
(middle), and rotor temperature error (bottom). For the rotor temperature,
measured (solid) and estimate (dashed) are shown.

error in the initial condition has no correlation with the
increasing coolant temperature, but the largest error is at the
coldest inlet temperature.

Furthermore, Table 3 highlights R-squared values above
0.9 for most of the WLTP and LS driving cycles, except
for the LS cycle at 0◦ C, due to the initial estimation error.
This highlights the model robustness against different initial
conditions. Although the flow rate is approximately 30%
greater in the continuous working point dataset with the
coolant at 60◦ C, the R-squared value is penalized minimally
at 0.845.

FIGURE 11. WLTP-FR1 and WLTP-FR2 cycles for validation. Winding
temperature measurement (top), rotor temperature (middle), and rotor
temperature error (bottom). For the rotor temperature, measured (solid)
and estimate (dashed) are shown.

Table 4 shows that the validation metrics for the MSE,
RMSE, MAE, and NRMSE are within the range obtained
in the tuning metrics of Table 3, which suggest a similar
performance. The lowest error for the validation metrics is for
the pulse-hold (PH-20) driving cycle, where the maximum
error is contained within ±2◦ C, as shown in Fig. 10.
On the other hand, the R-squared value is the largest for the
WLTP-FR1 cycle, despite having the highest infinity norm
error due to the inexact estimation of the initial conditions.
The favorable fitting in the WLTP-FR1 cycle is due to its
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FIGURE 12. C cycles for tuning (60◦ C) and validation (30◦ C and 40◦ C).
Winding temperature measurement (top), rotor temperature (middle),
and rotor temperature error (bottom). For the rotor temperature,
measured (solid) and estimate (dashed) are shown.

close similarity with the WLTP-20 tuning dataset, but it
differs in the initial conditions and the instantaneous average
coolant temperature. Conversely, the poorest performance
is obtained with the WLTP-FR2 cycle, most likely caused
by a steady-state error close to 2◦ C. However, the ∥εr∥∞

is contained within 2.5◦ C, which is acceptable for the
intended application. This is a result of the identified model
parameters, which represent an average behavior that is less
precise at the extremes of the operating range. The WLTP-
FR2 cycle has a high flow rate, 14.9 l/min, that is far from the
average flow rate in the tuning datasets. A similar condition
occurs in the C1-30 validation cycle, which has the second
largest NRMSE and a flow rate of 14.9 l/min. An exception
in this trend occurs in the continuous dataset C2-40, which
exhibits a significantly better fitting than the previous two,
although having a similar flow rate. A further discussion on
this limitation and an alternative solution are presented in
Section IV-B.

A. COMPARISON WITH THE STATE OF THE ART
The main distinguishing elements of this work and its con-
tributions to the state-of-the-art are discussed subsequently.
Kral et al. developed a second-order LPTN for an inner-rotor
PMSM with a water cooling jacket for traction applications
(Fig. 13-a) [15]. It consists of the permanent magnet and
stator winding thermal nodes, and the stator core temperature
as an input quantity to the model. Therefore, the stator iron
losses are neglected. The total number of parameters is five,

FIGURE 13. Comparison of reduced-order LPTNs present in the
state-of-the-art: a) Second-order LPTN [15], b) Third-order LPTN [28], c)
Fourth-order LPTN [14], and d) Third-order LPTN with LSTM [30].

including those in the speed-dependent resistance between
the magnet and the core. Results show a minimum and
maximum RMSE values of 0.9◦ C and 3.4◦ C, respectively,
for the estimation of the magnet temperature. Although this
is one of the simplest models in the literature, it may not be
valid for outer-rotor PMSM where the effect of air forced
convection is more significant. Additionally, as pointed by [9]
and [28], and verified from the identified parameter values of
Table 2 (Rwr,0 and awr), the heat transfer between winding
and rotor domains is not negligible, which can reduce the
estimation accuracy of the model in [15]. Initial conditions
adopted by Kral et al. are not discussed, but they are assumed
equal to the initial measured temperature from the results.

Similarly, Huber et al. developed a third-order LPTN
for an inner-rotor PMSM with varying coolant temperature
(Fig. 13-b) [28]. The thermal nodes are the stator winding,
end-winding and permanent magnet, while the inputs are the
coolant and ambient temperatures. The stator iron losses and,
consequently, the heat flow dissipated to the ambient and the
rotor were neglected. Thus, the model may display deviations
at high speeds where iron losses are more significant.
The heat transfer from the end-winding to the rotor was
also neglected, which may reduce model accuracy at peak
operating conditions. The total number of parameters is
eleven, including the terms to split the iron losses. However,
they were identified as a set of non-varying terms in several
regions within the operating region of themotor depending on
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the applied current and speed. Results for the cross-validation
show a maximum error within ±3◦ C considering different
thermal excitation profiles, including ambient and coolant
temperatures. Here again, the initial conditions are equal to
the measured temperatures from the temperature profiles.

Later, Wallscheid and Bocker proposed a fourth-order
LPTN for an inner rotor PMSM with a water cooling
jacket for traction applications (Fig. 13-c) [14]. The thermal
nodes are the stator yoke, stator teeth, stator winding and
permanent magnets, and the temperature inputs are the
coolant and the ambient. In total, 30 parameters are defined
because the system is linear parameter-varying (LPV) due
to the speed-dependent convection resistances connected to
the magnet node and the temperature-dependent resistance
between the stator yoke and the coolant. Results in cross-
validation show a maximum estimation error of 8◦ C under
complex load profiles with initial conditions equal to the
measured temperatures. Due to its robustness, adaptability for
real-time applications and accuracy suitable for automotive
applications, the model has been the basis for recent
works [6], [9], [30].

As motivated before, this work takes the work from
Wallscheid and Bocker [14] as a basis, but contributes
in reducing the uncertainty from the winding node, while
exploiting the availability of winding temperature sensors in
PMSM traction machines. For simplicity, the stator nodes
are combined, which yields a total of fourteen parameters.
Moreover, a focused definition of the initial conditions is
proposed based on available measured temperatures. This has
demonstrated to contribute in the reduction of the estimation
error. Additionally, the method was validated in an outer-
rotor PMSM with a cooling jacket for in-wheel traction,
an application that has been rarely discussed in the literature.

Among the alternative LPTNs derived from the work
in [14], the work by Liu et al. proposed a third-order
LPTN, which includes a LSTM neural network at the output
(Fig. 13-d) [30]. The thermal nodes of the LPTN are the stator
yoke, stator winding and rotor, and the inputs are the coolant
and ambient temperatures. The total number of parameters is
21, which are identified in a two-step procedure using ultra-
low-speed and full-operating-condition datasets with random
initial values within predefined upper and lower boundaries.
Although there are similarities in the LPTN structure with this
work, key differences emerge. First, the thermal resistance
that connects the winding and rotor was neglected in [30].
It has been found, however, that this term is relevant when
considering the heat transfer due to air convection from the
winding to the rotor. Thereby, a speed-dependent resistance
is necessary between the two domains. Second, the winding
node is a system state in [30], thus the associated thermal
capacitance and power source are included. Here, the winding
temperature is exploited through a dedicated sensor available
in typical traction machines. This, significantly reduces the
uncertainty associated to this node and improves indirectly
the accuracy related to the rotor node. Third, Liu et al.

maintain the thermal resistance between the coolant and
the stator as constant, since the water-cooling temperature
was kept at 20◦ C. In this implementation, the dependence
on the coolant temperature is included and evaluated in a
wide range of temperatures (from 0◦ C to 60◦ C). Similarly,
the sensitivity on the coolant flow rate is evaluated in the
range between 10 and 15 l/min for the tuning and validation
datasets.

Table 5 presents a comparative summary of the reduced-
order LPTN state-of-the-art discussed above. Due to the
differences in machine characteristics and dataset profiles,
it serves only as a qualitative comparison of the model
performance. Inputs include temperatures and power losses,
while outputs refer to estimated temperatures, and size is the
number of parameters in the model.

B. FLOW RATE SENSITIVITY
The effect of the coolant flow rate, or equivalently, the
coolant velocity in the thermal resistance between the coolant
and the stator has been highlighted in literature related to
thermal models [9], [15] and heat convection problems in
electrical machines [24], [33]. The water cooling jacket
is the principal thermal management solution in electric
machines [34], [35]. Moreover, varying the coolant flow rate
is a very common thermal management control strategy in
literature [36] and industry applications [37]. Interestingly,
the inclusion of a flow-rate-dependent thermal resistance for
LPTNs has not been implemented in literature. Assuming
that the cooling flow rate range stays within a single flow
regime— laminar or turbulent—the following expression can
bemodified to account for the dependence of the average heat
transfer coefficient of the cooling jacket with respect the flow
rate [24]:

Rcs = Rcs0 exp
(

−
Q̇c

Q̇c,max

1
bc

)
+ ac (22)

where Q̇c,max and Q̇c are the maximum and current coolant
flow rates, respectively. Rcs0, bc, and ac are constants that
are obtained though the LPTN parameter tuning process
described in Section II-B. Since the flow rate and speed
are related by the cross-sectional area, the fluid speed
can be exchanged in (22) to comply with the available
sensor.

In this work, the flow rate was not included to prevent
adding a further signal to the model that may not be always
available. However, in the context of this research, the
inclusion of this measurement could potentially improve
the estimation accuracy of the LPTN. This is because the
validation datasets with the largest errors correspond to the
C1-30 and the WLTP-FR2 cycles, which have an average
flow rate close to 15 l/min, whereas the tuning datasets have
an average flow rate of 10.6 l/min (except those with an
inlet temperature of 0◦ C and the continuous working point).
Therefore, the non-negligible flow rate difference of more
than 4 l/min is likely causing a steady-state error close to 2◦ C.
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TABLE 5. Comparison of LPTN models from the literature for the estimation of the rotor temperature.

Additionally, for the tuning datasets, the duty cycles with an
inlet temperature of 0◦ C that have larger flow rates show the
largest NRMSE. Similarly, the continuous working point C1-
60 that has the highest flow rate among the tuning datasets
shows the second largest NRMSE, although theMSE, RMSE,
and MAE are relatively low compared with the other cycles.

V. CONCLUSION
This paper proposed a reduced-order lumped-parameter
thermal network to estimate the temperature of the rotor
on an outer-rotor permanent-magnet synchronous machine.
The reduced-ordermodel demonstrated a favorable predictive
performance, achieving a satisfactory average root-mean-
squared error of 1.09◦ C on the validation datasets. This
level of accuracy is well-suited to ensure thermal safety
and operational reliability of the machine in real-world
scenarios. The model was fed with the winding temperature
measurement, which is usually available from sensors
located in the hotspots of electric machines for demanding
applications, such as electric powertrain. Additionally, the
definition of initial conditions from the available coolant
and ambient temperatures performed satisfactorily, with a
maximum error of 8.18◦ C and mean absolute error of 2.4◦ C.
These conditions ensure a better temperature estimationwhen
compared with initial conditions at a fixed temperature.
Moreover, the assessment was performed over multiple
tuning and validation experimental data, where the machine
was tested under a wide range of inlet coolant temperatures,
flow rates, and duty cycles. Furthermore, the PIL results
demonstrated the real-time feasibility of the thermal network.
The effect of the flow rate on the accuracy of the estimate has
been discussed, and an alternative formulation for thermal
resistance that connects the coolant to the stator has been
proposed to improve system accuracy in future work.
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