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Estimation of Heat Sources through Power
Measurements in Thermal Models of PMSMs

Pablo Dı́az-Brage, Antonio J. Rodrı́guez, Jon Garcı́a-Urbieta, Francisco González

Abstract—Electric powertrains are commonly used in the
automotive industry nowadays. Thermal phenomena are critical
for their performance, as the temperatures of some components
must remain below certain thresholds during operation. This is
the case of Permanent-Magnet Synchronous Motors (PMSM):
magnet temperatures cannot exceed a limit value to avoid
demagnetization and motor failure. It is not possible, however,
to directly monitor magnet temperatures by means of sensors. A
feasible alternative to obtain this information consists in the use of
virtual sensors, which fuse a numerical model of the motor with
readings from a reduced set of physical sensors, for instance via
the use of Kalman filters. The required models can be formulated
using Lumped-Parameter Thermal Networks (LPTN), able to
describe the thermal behaviour of the motor in real time, at the
cost of simplifying the representation of the thermal dynamics
of the system. This simplification translates into parameter
and geometry uncertainties, which can be alleviated by means
of offline calibration. LPTNs are also sensitive to the heat
sources in the system and these, in turn, are highly dependent
on the operation conditions. Although numerical models exist
to describe heat source behaviour, the accurate prediction of
heat sources is challenging, particularly at the motor magnets.
Improper modelling of thermal losses can result in unrealistic
predictions of the motor temperatures. In this work, we present
a method to estimate the internal temperatures of PMSMs
using additional measurements of the motor power consumption.
This information can be related to the thermal losses of the
motor, helping Kalman filters to improve estimation accuracy.
The proposed approach was tested with a benchmark example
and in a standard WLTP bench test with an automotive-grade
PMSM. Results confirmed the ability of the method to correct
the inaccuracies that stem from heat source uncertainties.

Index Terms—Lumped-parameter thermal network, heat
source estimation, Kalman filter, eMotor, ePowertrain.

I. INTRODUCTION

Monitoring the thermal state of ePowertrains is a challeng-
ing task. It is critical to ensure that temperatures remain below
certain thresholds to avoid damaging ePowetrain components
[1]. In practice, however, due to economical and technical
issues, it is often not feasible to place sensors at all sensitive
locations to gather information about the system temperatures,
and only data from a few thermocouples, often mounted near
the external surfaces of the device, are available to infer the
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internal condition of the system. In the case of PMSMs, when
magnet temperatures exceed limit values demagnetization oc-
curs, which results in irreversible damage to the drive [2]. To
avoid this, a possibility is to use derating strategies based on
the measured temperatures to limit the motor power. Such an
approach benefits from the accurate knowledge of the relation
between thermocouple readings and the actual temperatures of
the motor hotspots [3], which is often achieved by means of
the fusion of sensor data and a computational model of the
thermal behaviour of the drive [4], [5]. This model, in turn,
frequently consists in a LPTN that summarizes the thermal
properties of the system and receives the heat generation in
the drive as input, in the form of thermal losses. LPTNs are
simplified thermal representations of the physical systems that
they describe and, as such, they are subjected to uncertainty.
This can be alleviated, to a certain extent, by means of offline
calibration procedures [6] that lead to an optimized set of
LPTN parameters. The thermal losses that they receive as
input, however, vary considerably during the operation and are
typically described by analytical or empirical loss functions, as
they cannot be directly measured with ordinary sensors. The
use of such functions is complex in some cases, particularly
for the iron and magnet losses [7], which are affected by
rotating fields, temperature or the switching frequency of the
inverter [8], [9], [10], [11]. This represents a major source of
uncertainty in the computational description of the PMSM and
affects negatively the reliability of the virtual sensing strategy.

Different approaches have been used to deal with this
issue, including multiphysics modelling [12] , neural networks
[13], [14], [15], [16], [17] or magnet flux linkage observa-
tion [18], [19], [20], [21]. In a multiphysics approach, the
PMSM model combines electromagnetic and thermal effects
using high fidelity techniques, obtaining accurate temperature
calculations. However, this entails a high computational cost
compared with LPTNs, which is a limitation for real-time
applications. Regarding neural network approaches, they are
applicable for the operational scenarios considered during their
training. If they are used outside their training domain, neural
networks can provide wrong estimations. Through the magnet
flux observation, the magnet temperature can be derived by
means of look-up-tables or finite elements models, although
these require accurate model parameters [21].

These limitations can be overcome by fusing sensor data
with an LPTN model of the PMSM. The efficiency of an
LPTN allows real-time execution and the use of sensor read-
ings by means of a Kalman filter helps to overcome model
uncertainties, yielding accurate estimations of the motor states.
In addition, since the proposed approach is model-based, the
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solution can cover multiple scenarios and it is not limited to
a particular range of operation.

This paper introduces a new method based on the extended
Kalman filter (EKF) [22] that, thanks to the use of indirect
power measurements, enhances the accuracy of virtual sensing.
These measurements can be obtained from sensors that are
often available in test benches, and could be retrieved as
well from onboard sensing in practical applications, such
as automotive powertrains. The proposed method can also
be applied with different Kalman filter configurations. The
method was demonstrated in the simulation of a benchmark
RC thermal circuit, to highlight its operation and features.
Afterwards it was applied to the temperature estimation of
an automotive-grade PMSM mounted on a test bench. Results
confirmed that it is possible to reduce the impact of heat loss
uncertainty in experimental setups by means of indirect power
measurements, improving the reliability of virtual sensors to
determine the thermal state of electric drives.

II. MODELLING AND ESTIMATION METHODS

The LPTN models used in this research were built following
the approach presented in [23]. The thermal state of the system
is given by the dependent set of n variables

q =
[
qT
T qT

Q

]T
(1)

where qT contains the nT temperatures of the LPTN nodes
and qQ, the nQ heat flows through its components. These n
variables are related by means of m algebraic constraints

Φ (q, v, t) = 0 (2)

that stem from Kirchhoff’s equations and the constitutive equa-
tions of the components. In their general form, the constraints
in (2) depend on time t and the system input v, which includes
heat sources and known temperatures. Besides, thermal capac-
itors introduce p linear ordinary differential equations in the
form

Γ = Aq̇ + b = 0 (3)

where A and b are a p × n matrix and a p × 1 array,
respectively. It can be shown [22] that it is possible to remove
the constraints and express the dynamics in terms of a set of
p independent variables z by means of the transformation

z = Bq (4)

where B is a constant p×n matrix. An extended Kalman filter
(EKF) is then used to perform a state and parameter estimation
where the augmented state vector takes the form

x =
[
zT żT ρT

]T
(5)

In (5), ρ is a set of o parameters to be estimated. These can
include the physical properties of the LPTN components, such
as resistance and thermal inertia, and also heat sources. The
corresponding EKF prediction equations are

xk+1 = Fkxk + Gkuk (6)
hk = Hkxk + Nkuk (7)

where F, G, H, and N are state, input, output, and feedthrough
matrices. Term h comprises the expression h̄ of s sensor
readings in terms of the system variables, as well as the ODEs
in (3), which enter the filter as perfect measurements,

h =

[
h̄
Γ

]
=

[
Cq

Aq̇ + b

]
(8)

with C a constant s × n matrix. Term u stands for the filter
input and verifies u = [vT v̇T]T.

The estimation strategy presented in [22] shows satisfactory
results when estimating lumped parameters such as thermal
resistance and inertia. The estimation of inputs such as heat
losses, however, was subjected to time delays, related to
the system inertia. The sensor data used for the estimation
included only temperature readings, and changes in heat losses
are not immediately translated into temperature variations
because of the existence of thermal capacitors. In addition,
there exist situations in which the filter does not have enough
information to correctly estimate the temperatures in nodes
where sensors have not been placed. When fusing sensor
data and LPTN simulation results, the filter might deliver
unrealistic values of heat flows in the circuit if the compu-
tational representation of heat losses is not accurate, as will
be shown in Section III. This results in an estimator with high
uncertainty regarding the temperature estimations in nodes
without sensor readings, which often the case of relevant spots
in the drive, such as the magnets and the endwindings.

A workaround to this issue is using the overall energy
balance of the motor to enforce a physics-based correction of
heat flows by the filter. For example, the difference between
the input that an eMotor receives as electric power and the
mechanical power that returns as output is closely related to
the heat losses in the drive. This work proposes to use this
information to constrain the heat estimation carried out by the
filter in such a way that the temperature estimation agrees
with the energy balance of the system. To do so, term h in
equation (8) is enlarged with a measurement of the energy
balance of the system hQ,

h =

 h̄
hQ

Γ

 =

 h̄
Pi − Po

Γ

 (9)

where Pi and Po are measurements of the power that the drive
receives as input and returns as output, respectively. For a
system with ns heat sources given by Qi, with i = 1 . . . ns,
the power balance can be expressed as Pi − Po =

∑
Qi and

used to determine the total heat losses of the system.

III. BENCHMARK PROBLEM

The methods described in Section II were initially tested
using a simple thermal RC circuit, shown in Figure 1. This
use-case is a benchmark problem and all its parameters and
the exact solution are known. Testing the method in a simple
use-case allows one to get a comprehensive analysis of its
performance in different scenarios: parameter uncertainties,
sensor location, sensor noise, etc. To represent the issues
presented in Section I, the circuit consists of two heat sources,
Q0 and Q1, connected to three resistors and two thermal
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capacitors. The system contains four nodes, of which number
4 represents air at a constant temperature Tair = 300K.

1 2 3 4

Q0

QS0

Q1

QS1R1

QR1

R2

QR2

R3

QR3

C1

QC1

C2

QC2

Fig. 1. Benchmark RC thermal circuit.

The heat generated at each source follows a sinusoidal
signal, Q0 = 10sin(2π 8

500 t+
π
2 )W and Q1 = 30sin(2π 4

500 t+
π
2 )W. The values of resistors R1, R2, and R3 are 1, 2,
and 3K/W respectively. The capacitors are C1 = 0.1J/K
and C2 = 0.2J/K and the initial temperatures of the nodes
to which they are connected are set to T 0

2 = 299K and
T 0
3 = 301K.
The test-case is a 500-s simulation of the thermal dynamics

of the RC circuit. A reference solution (Ref.) is generated
using the known values of all lumped parameters and heat
losses. Next, a defective model of the RC circuit is defined
to test the estimation methods presented in Section II. Heat
sources Q0 and Q1 in this model are assumed to be unknown
and only their initial values Q0 = 10W and Q1 = 30W are
provided. An EKF defined by equations (5)–(8) is applied to
this model to carry out the estimation of the heat sources and
the state. Another extended filter (denoted as EKF-Q) is also
formulated replacing equation (8) with (9). Both filters have
the following augmented state,

x =
[
T2 T3 Ṫ2 Ṫ3 Q0 Q1

]T
(10)

where z = [T2 T3]
T, and ρ = [Q0 Q1]

T are the heat sources
to be estimated. These are modelled through a random walk,
keeping their value equal to the one estimated in the previous
time step,

Qi,k+1 = Qi,k + ζ (11)

where ζ is white noise. The corresponding state matrix is

F =

[
Fz 02p×2p

0o×2p Io×o

]
(12)

where Fz is the state matrix that corresponds to the indepen-
dent variables and its derivatives, whose expression can be
found in [22], and I is the identity matrix.

Three sensors are considered to retrieve measurements from
the RC circuit: temperature sensors in nodes 1 and 2, and the
instantaneous power balance of the system. For the tempera-
ture sensors, three combinations are defined: sensor in node 1
active, sensor in node 2 active, and both active. If all sensors
are active, the full term of sensor readings is

o = [Ts
1 Ts

2 Pi − Po]
T (13)

All sensors are considered to be ideal. The purpose of the
benchmark is to illustrate the operation of the EKF-Q filter,
and so it is assumed that temperatures and the total power
balance are accurately measured. Results and discussion for
each test case are shown next.

1) Sensor in node 1: If a single temperature sensor at node
1 is used, heat sources Q0 and Q1 cannot be determined.
This results, for instance, in both filters rendering inaccurate
estimations of the temperature T3, as shown in Figure 2.
However, it must be noted that the value of T3 delivered
by the EKF-Q filter follows the same trend as the reference,
although with different values. Conversely, the temperature
estimated by the conventional EKF diverges because there is
not any constraint on the total amount of heat that can be
introduced in the system in the estimation of the heat sources.
The EKF-Q ensures that the sum of the heat losses, Q0+Q1,
equals the real heat flow into the system, although the limited
sensor information about temperatures makes it impossible
to determine the exact amount of heat that corresponds to
each source. This, in turn, affects negatively the estimation of
temperatures in nodes 2 and 3.

0 100 200 300 400 500
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310

Time [s]

T
em
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]

Ref. EKF EKF-Q

Fig. 2. RC benchmark: T3 estimation with a sensor in node 1.

2) Sensor in node 2: This case also considers a single
temperature sensor, located now at node 2. The uncertainty
about the heat sources decreases, because the temperature of
node 2 is related to the overall heat input in the system. The
estimation delivered by the EKF, however, is not completely
accurate and it includes a certain delay with respect to the
reference solution, as can be seen in Figure 3. When using
the EKF-Q, temperature T3 can be accurately estimated, since
the knowledge of T2 and the total heat flow through the
circuit make the temperature of node 3 completely determined.
However, as in the previous case, none of the filters cannot
estimate accurately the value of each heat source, as shown
in Figures 4 and 5, which affects negatively the estimation of
the temperature in node 1. If only one source was uncertain,
the EKF-Q could also be used to determine T1.

3) Sensors in nodes 1 and 2: In order to provide more
information to the filter, two temperature sensors are placed
in nodes 1 and 2. The estimation of T3 is shown in Figure 6.
Even in this situation, the EKF cannot properly estimate the
temperature in node 3. The knowledge of the temperatures in
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Fig. 3. RC benchmark: T3 estimation with a sensor in node 2.
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Fig. 4. RC benchmark: Q0 estimation with a sensor in node 2.
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Fig. 5. RC benchmark: Q1 estimation with a sensor in node 2.

nodes 1 and 2 allows this filter to determine the correct value
of the heat source Q0. The value of Q1, however, remains
undetermined, because it cannot be directly evaluated from
the temperature of nodes 1 and 2. However, when the total
heat flow that enters the system is known, it is possible to
obtain the right value of Q1. Accordingly, the EKF-Q is able to
accurately estimate all the unknowns of the benchmark circuit,
namely both heat sources and the temperature of node 3.

4) Measurement noise analysis: An important factor in the
accuracy of the estimations is related with the quality of the
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Fig. 6. RC benchmark: T3 estimation with sensors in nodes 1 and 2.

sensors installed. In the previous experiments, the sensors
employed were ideal. In real scenarios, however, the sensor
measurements are affected by noise that can degrade the
accuracy of the estimation.

To evaluate the robustness of the proposed method to sensor
noise, the benchmark simulation is repeated with different
noise levels for the temperature sensors and the instantaneous
power balance. White noise, i.e., noise with a zero mean and a
finite standard deviation (σ), was added to the measurements,
with three different standard deviations considered for the
temperature and power measurements respectively: 0.5K and
0.5W, 1.0K and 1.0W, and 5.0K and 5.0W.

The noise analysis is focused on the scenario with a sensor
in node 2, since it provides accurate temperature estimations
while having a minimal amount of sensors. Figure 7 presents
the temperature measurements in node 2 under different noise
levels, together with the reference value and the temperature
estimation for node 2. As the noise increases, the estimated
value deviates further from the reference value while still
tracking its trend.

The deviation in the estimated T2 shown in Figure 7 has an
effect on the estimation of the temperature in node 3, which
does not have any sensor installed. The results in Figure 8
show that the estimation error increases with sensor noise.
However, the increment of the error remains below the noise
levels added to the sensors, which means that the EKF-Q can
still improve estimation quality when using noisy sensors.

5) Initial temperature error: Another parameter which is
difficult to determine is the initial temperature of the different
parts of the system. To test the performance of the proposed
method to these uncertainties, the benchmark was run starting
from three different temperatures at the nodes connected to
capacitors (nodes 2 and 3). Results are compared to the
reference simulation in Figure 9. It can be seen how the
method is able to correct the initial error after some time.

IV. EXAMPLE: AUTOMOTIVE-GRADE PMSM

The proposed method was also applied to the estimation of
internal temperatures in a PMSM eMotor used in automotive
powertrains. In this context, it is of importance to track the
temperature of the motor in its different parts: an excessive
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Fig. 7. RC benchmark: T2 estimation with sensor in node 2 under different
noise levels.
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Fig. 8. RC benchmark: T3 estimation with sensor in node 2 under different
noise levels.
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Fig. 9. RC benchmark: T3 estimation with sensor in node 2 under different
initial temperatures.

overheating can cause a critical failure in the device. Even
if permanent damage does not occur, the performance of the
electric motor is affected by its operation temperature. Since it
is not feasible to install thermal sensors in the critical locations
of the motor in production vehicles due to cost, complexity,
and the need for wireless data transmission from rotating parts
[3], [5], [4], [11], estimation becomes the basis to retrieve this
information.

The eMotor employed in this work is shown in Figure 10.
The device under test (DUT) was mounted on a test bench,
where it was connected in a back-to-back configuration to an-
other eMotor (load), mechanically coupled by a torque sensor
between their shafts. The DUT has a maximum continuous
power of 92kW and a peak power of 140kW. It was operated
in torque control mode to emulate real driving conditions,
while the load motor was operated in speed control mode
to impose dynamic profiles such as the WLTP (Worldwide
Harmonized Light Vehicles Test Procedure) cycle (Figure 11).
Each motor was driven by its own inverter connected to a DC
supply, enabling independent control and energy recirculation
between motors. Mechanical power was calculated using the
torque sensor and motor resolvers, while electrical power was
measured via current and voltage sensors. The angular velocity
of the selected motor during this cycle is shown in Figure 11.

Fig. 10. Back-to-back configuration used in the test bench.

Temperature measurements were obtained using Type K
thermocouples IEC 60584-1, with an accuracy of ±1.5°C,
placed in three different locations: the A and B end-windings
(used by the filter to perform the estimation) and the rotor
magnets (for validation only), as shown in Figures 12 and
13. The rotor-mounted sensor required wireless telemetry,
which is feasible in laboratory conditions but not practical
for production vehicles. Control and data acquisition were
implemented via CAN bus, allowing real-time monitoring of
torque, speed, electrical power, and temperature. It should be
noted that both the rotor and stator sensors are mounted on
the stacks highlighted in red in Figure 13. Due to symmetry,
it is expected that the sensors installed in each part will
measure similar temperatures. In addition, the LPTN model
cannot represent the temperature distribution over the surface.
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Fig. 11. Speed of the eMotor during the WLTP cycle.

Therefore, for the estimation, the sensors of each part are
grouped in one unique measurement which corresponds to
the maximum temperature measured in each part. This also
means that, in a practical application such as a vehicle,
only one temperature measurement per end-winding would
be necessary. However, if the temperature is not uniformly
distributed, the accuracy of the estimations could be affected.

Fig. 12. Location of the sensors in the stator: B-side endwinding (left) and
A-side endwinding (right).

Fig. 13. Location of the sensors in the rotor.

The test bench also includes a torque transducer to measure
the torque transmitted between both motors at the shaft. The
angular speed is measured by the resolver of the eMotor. These
two magnitudes are latter used to compute the mechanical
power delivered at the shaft. The electric magnitudes of the
DUT are measured by means of current sensors and the
electrical power consumed by the DUT is obtained through a
wattmeter. In a vehicle setup, an approximation of the torque

could be obtained by means of the currents and the motor
characteristics. Although it may not be as accurate as using a
torque transducer, useful information regarding the mechanical
power can be acquired.

The filters were built upon an LPTN model of the motor,
which represents its main internal components: shaft, bearings,
rotor, magnets, end-plates, end-rings, stator iron, active wind-
ing, end-windings, housing with heat extraction sinks, cooling
jacket, and internal air cavities. A schematic of the LPTN is
shown in Figure 11, illustrating the heat transfer paths between
these parts. Solid lines indicate conduction, while dashed lines
represent convection.

Stator
iron

Housing

A Internal air cavity

B Internal air cavity

W
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r ja
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A Bearing

B Bearing

Shaft Rotor

A end 
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B end 
winding

Active 
winding

Magnets

Magnets

Fig. 14. Conceptual division of the eMotor for LPTN model construction.

The LPTN consists of 23 nodes and a total of 60 compo-
nents, including thermal resistors, capacitors, and heat sources.
There are 22 constant-value resistors, representing the heat
transfer by conduction, 15 variable resistors representing
convection, and 10 thermal capacitors. The value of their
resistance and inertia was optimized following the approach
described in [2], [6]. Through sensitivity analysis, the most
relevant parameters were identified and later optimized based
on a certain set of experimental service tests of the motor.
The heat losses were described by 13 sources that account for
the electromagnetic and mechanical effects inside the drive.
They were modelled using commercial multiphysics simula-
tion software. Two locations concentrated the most relevant
uncertainties in heat generation, namely the rotor magnets
and the end-winding rack. Heat generation at the magnets is
assumed to follow a semi-empirical law. The thermal losses
at the rack, conversely, are completely unknown and they are
represented in the LPTN with a zero-valued heat source.

Even though the optimization process led to an improved
LPTN representation of the motor, its operation was still
subjected to uncertainties. The value of thermal resistors expe-
riences variations over time, and the heat sources description
does not completely capture dynamic effects during operation.
The main role of the estimation filters is to overcome these
model limitations using data provided by the sensors mounted
on the system. In this work, only two thermocouples were
used to this end, namely the ones installed at the end-
windings. The sensor in the rotor magnet was used to validate
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the estimation results. Rotor-located sensors require wireless
data retrieval, which would make it difficult to use them in
practical automotive applications, so they were employed for
verification only and are not part of the estimation solution.

In order to enable the EKF-Q solution, the total heat
losses during operation were obtained from the power balance
of the DUT. The mechanical power Pm transmitted at the
shaft was determined using the readings of the torque sensor
between the motors and their angular velocity, provided by
the motor resolvers. The electric power Pe provided to the
DUT was obtained from the voltage readings of its inverter
and current probes. The total heat input into the LPTN can
be approximated by the difference between these two power
values.

In practice, the power balance in the DUT adds a single
sensor to the filter. As shown in Section III, the number
and location of the sensors affects the identification of the
individual heat sources. As a consequence, not all 13 heat
sources in the LPTN can be estimated. Instead, the two most
uncertain values, i.e., the magnet and rack losses, were marked
for estimation, while the other sources are driven by their
model. The augmented state vector of the Kalman filters in
this use case is

x =
[
zT żT QT

]T
(14)

where z includes the temperature of the nodes connected to
thermal capacitors and Q is a 2 × 1 term that contains the
heat losses in the magnet, Qm and the rack, Qr. The sensor
readings of the EKF-Q are

o = [TA TB Pe − Pm]
T (15)

where TA and TB stand for the temperature in the end-
windings A and B respectively. These temperatures are the
only sensor data available to the EKF. The power difference
in equation (15) can be related to the thermal losses in the
magnet and rack by means of

Q̂m + Q̂r = Pe − Pm −
∑

Qj (16)

where term Qj includes the remaining 11 heat sources that are
not being estimated by the filter. Symbol ˆ indicates that the
terms on the left-hand side are approximations that result from
the combination of real sensor measurements and variables
obtained through mathematical models.

A. Results

In order to evaluate the performance of the proposed filters,
estimated temperatures were compared to thermocouple mea-
surements at the end-windings A and B, and at the magnets.
Two different use cases were tested: estimation of the rack
source alone and joint estimation of the rack and magnet
sources. Both test cases can be performed on the results of
each experimental run of the WLTP cycle. If both sources
are estimated, the original expressions of equations (14) and
(16) are used. If just the heat at the rack is estimated, term Q
only includes source Qr and term Q̂m is added to

∑
Qj in

(16). Figure 15 shows the difference between input and output
power at the DUT during a WLTP cycle. This information

is used by the EKF-Q filter in both test cases. It must be
mentioned that, during some parts of the WLTP cycle, the
DUT is dragged by the load device and acts as a generator,
resulting in negative values of Pe−Pm. These negative values
do not represent an actual removal of heat from the LPTN,
because thermal losses still exist when the device works as a
generator. Hence, the absolute value of the difference is used
in equation (16).
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Fig. 15. PMSM: difference between input electric power Pe and output
mechanical power Pm measured during a WLTP cycle.

The results from the RC benchmark can shed some light
on the effect of sensor location and noise. The benchmark
shows that the sensor location has a direct impact on the
estimation accuracy: the closer the sensors are to the nodes
of interest, the higher accuracy will be achieved. For instance,
if the sensors are located in the housing, the estimation will
be more dependent on how the elements between the housing
and magnet are modelled. With respect to sensor quality, more
noise in the measurement turns into a reduction in the accuracy
of the estimation, although the fusion with the LPTN model
helps to minimize this effect.

In all the estimations of this example, the covariance ma-
trices of the plant noise Σ and measurement noise R have
been adjusted manually. The measurement noise matrix can
be easily adjusted by using values close to the noise values
specified in the sensor data-sheet. The plant noise matrix
is more complex to adjust, since it covers the modelling
errors and they are usually unknown. Its calculation involves
a trial-and-error procedure, which usually consists on starting
with low values, giving more confidence to the model, and
increasing these values until the sensor corrections lead to a
convergence in the estimations. It should be noted that there
are some methods for the online estimation of covariance
matrices [24], [25], [26], but they are not discussed in this
work for simplicity.

After the adjustment procedure, matrix Σ is a diagonal
matrix with a value of 2 ·10−5 K2 for the states of the system
(temperatures and their derivatives) and of 1 · 10−3 W2 for
the rack and magnet heat sources respectively. Matrix R is
also a diagonal matrix whose elements are set to 0.5 K2 for
the thermocouples and 1 W2 for the measurement of the total
heat losses, Pe − Pm.
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The LPTN and the Kalman filter are integrated with a time
step h = 0.5 s. All the experiments were simulated offline
using sensor readings obtained from bench experiments. The
method was implemented in C++ for computational efficiency,
and the simulations were executed in one core in an Intel(R)
Core(TM) i7-8700 CPU @ 3.20GHz with 16 Gb of RAM.
The total simulated time was 1800 seconds, which required
an average elapsed time of 4.46 s in computations, which
confirmed the real-time performance of the method.

1) Rack heat source estimation: This case treats Qr as the
only unknown input to be estimated. Figure 16 shows that
the conventional EKF is unable to properly track temperature
variations at the magnet. The EKF-Q improves this tempera-
ture estimation by relying on the information from the power
balance depicted in Figure 15. Table I shows the estimation
errors in terms of the root-mean-square error (RMSE) and
maximum error (peak).
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Fig. 16. PMSM: Magnet temperature during a WLTP cycle with Q = [Qr].

TABLE I
PMSM: ERRORS IN THE ESTIMATIONS DURING A WLTP CYCLE WITH

Q = [Qr].

Heat losses [kW] Tm [K] TA [K]

RMSE Peak RMSE Peak RMSE Peak

EKF 0.4375 2.8742 6.5341 11.689 1.1878 3.9132
EKF-Q 0.3415 2.6287 1.6649 7.3529 1.7994 5.4007

Figure 17 shows the temperature at end-winding A and pro-
vides an explanation for the comparatively poor behaviour of
the EKF in the estimation of magnet temperature. Temperature
TA can be directly compared to sensor readings, unlike Tm at
the magnet. The Kalman filter uses this information to adjust
the LPTN output and match the experimental results. Because
temperature measurements at the magnets are not available,
the temperature delivered by the filter at that location relies on
proper definition and tuning of the LPTN and the correctness
of the heat source models. Uncertainty in these heat sources
translates into inaccurate results, as confirmed by Figure 16,
even after the adjustment of the LPTN.

The time-histories of total heat losses estimated by the
filters are shown in Figure 18. These are compared to the
experimental measurement of Pe−Pm. For the sake of clarity,
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Fig. 17. PMSM: End-winding A temperature during a WLTP cycle with
Q = [Qr].

a 400-s interval of the experiment is illustrated. The value of
Qr estimated by the EKF is not backed by sensor data and this
leads to magnet temperature predictions below thermocouple
readings.
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Fig. 18. Comparison of the total heat losses during the WLTP. The losses
from experimental data (Pe −Pm) are compared with the total heat losses of
the model obtained by each estimator (Q̂r +

∑
Qj ).

The different behaviour of EKF and EKF-Q can also be
explained by considering the temperature of the end-windings
evaluated in an open-loop simulation, shown in Figure 19.
Simulating the thermal dynamics of the motor using only its
LPTN model predicts higher temperatures in the end-windings
than those actually recorded by sensors. The EKF only re-
ceives temperature measurements from the end-windings and
its data fusion results in an overall decrease of the temperatures
predicted by the LPTN alone. A side effect of this correction is
the introduction of heat flows in the description of the thermal
behaviour that do not respond to the physical constraints of
the system, resulting in lower magnet temperature. On the
other hand, the EKF-Q has information regarding the total
heat losses and, therefore, it can arrive at a solution in which
node temperature correction does not come at the expense of
introducing heat losses in the system dynamics that are not
based on the physical phenomena inside the drive.
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Fig. 19. PMSM: End-winding A temperature during WLTP cycle compared
to an unfiltered open-loop simulation of its thermal dynamics.

2) Magnet and rack heat source estimation: In this case,
Q = [Qm Qr]

T; the corresponding magnet temperature
estimation is shown in Figure 20. The estimation errors in
this scenario are summarized in Table II.
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Fig. 20. PMSM: Magnet temperature during a WLTP cycle with Q =
[Qm Qr]T.

TABLE II
PMSM: ERRORS IN THE ESTIMATIONS DURING A WLTP CYCLE WITH

Q = [Qm Qr]T .

Heat losses [kW] Tm [K] TA [K]

RMSE Peak RMSE Peak RMSE Peak

EKF 0.4248 2.7890 8.1169 15.028 0.6725 3.6202
EKF-Q 0.3329 2.6780 2.3631 9.6704 1.4814 5.1594

Again, the EKF is unable to properly track temperature
variations in the motor magnets. The estimation of two heat
sources further deteriorates temperature predictions. The EKF-
Q, conversely, is able to track dynamic variations in magnet
temperature, although the estimation is not as accurate as in the
previous test case, as can be seen by comparing the residuals
from Tables I and II. Also, the corrections performed by the
EKF-Q come at the expense of introducing differences with
respect to sensor readings at the end-windings, as can be seen

in Figure 21. The heat losses predicted by each estimator were
very similar to those depicted in Figure 18.
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Fig. 21. PMSM: End-winding A temperature during a WLTP cycle with
Q = [Qm Qr]T.

These results show that uncertainty in several sources brings
about a decrease in the accuracy of temperature estimation
of the EKF-Q. The proposed method, however, is still able
to correctly track temperature variations at locations where
physical sensors cannot be placed and improves the behaviour
of a conventional EKF estimator.

3) Initial temperature error: In operation scenarios, the ini-
tial temperature of all the LPTN nodes is uncertain. Although
an approximation can be obtained from sensor measurements,
their exact temperature will depend on the previous working
cycles, the resting time of the motor, and the temperature of
the environment. In Section III-5, the effects of errors in the
initial temperatures were tested and the EKF-Q was able to
correct the error over time. A similar test was performed in the
experimental setup, increasing by 10K the initial temperature
of the nodes with the most influence on magnet temperature,
according to the results of the sensitivity analysis performed
in [2]. Figures 22 and 23 show the estimation of the magnet
and end-winding A temperatures respectively. It can be seen
how, as in the benchmark case, the EKF-Q is able to overcome
the initial error and converge to the measured temperatures.
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Fig. 22. PMSM: Magnet temperature during a WLTP cycle with Q = [Qr]
and an initial error of 10K in the nodes with more influence in the magnet
temperature.
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Fig. 23. PMSM: End-winding A temperature during a WLTP cycle with
Q = [Qr] and an initial error of 10K in the nodes with more influence in the
magnet temperature.

V. CONCLUSIONS

The thermal behaviour of electric powertrains has a direct
impact on their performance. Knowing the internal tempera-
tures of the electric drives used in these applications allows one
to enhance their operation while avoiding damaging the device.
However, in practice it is not possible to install physical
sensors to measure the temperatures at all the critical locations.
Virtual sensing strategies can be used to address this issue,
combining computational descriptions of the motor thermal
dynamics with readings from those sensors that can actually
be mounted on the monitored system. A common approach
in virtual sensing for thermal effects is to use temperature
readings to this end.

In this work, we put forward a virtual sensing strategy that
uses power measurements to support temperature estimation.
Such readings, namely the electric magnitudes that regulate
motor operation, its rotational speed, and the torque that it
delivers, can be obtained with conventional equipment in test
benches for electrical motors. With this additional measure-
ments, it is possible to develop a Kalman filter to estimate
motor temperatures, using the power balance of the device as a
sensor able to determine the overall heat flow inside the drive.
The method builds upon a previously developed extended
Kalman filter that relied exclusively on temperature sensors
to estimate LPTN parameters and internal temperatures in
the motor. The new approach enhances the capabilities of
the previous filter, making it more robust to uncertainties in
heat source descriptions. The proposed strategy can be used to
characterize the thermal behaviour of systems with different
topologies, providing predictions of thermal losses and internal
temperatures. It can also be adapted for its use on on-board
applications.

The method was first verified and illustrated by means
of a simple benchmark example, a thermal RC circuit with
two heat sources. It was confirmed that uncertain heat source
values resulted in inaccurate results of the conventional filter,
which were improved by the new method. Adding information
regarding total heat losses helped the filter to improve heat
source estimation, resulting in enhanced temperature estima-

tions. The benchmark also showed that the accuracy of the
estimated heat sources depends on the number of sensor
and its location. Finally, the method was also tested under
different levels of sensor noise and uncertainties in the initial
temperatures of the system, yielding satisfactory results.

The new approach was validated in experimental tests with
an automotive-grade PMSM. An LPTN description of the mo-
tor with uncertain heat sources was used to build an extended
Kalman filter that received temperature measurements from
stator locations. Together with the power balance of the motor,
it was possible to deliver more realistic estimations of the rotor
magnet temperature and end-winding rack losses.

As future work, the sensitivity of the method to parameter
uncertainties should be studied in order to provide a more reli-
able framework that can be applied in real world applications.
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