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Temperature estimation is a crucial aspect in the operation of electrical machines to both prevent
thermal overload and to optimize the machine’s performance. While temperature sensors can be
used for this purpose, they are costly and can fail in the harsh environment of electrical machines.
Therefore, the development of model-based temperature estimation methods is of great interest
for many applications (e.g., automotive traction drives). In this thesis, the use neural ordinary
differential equations (NODEs) [1] to estimate the temperature of an electric motor based on limited
electrical and mechanical input measurements should be investigated. A particular focus will be on
the hybridization of interpretable engineering as well as data-driven machine learning (ML) model
parts, that is, going beyond black-box ML. The goal is to develop an elegant temperature estimation
method that is accurate, robust, and computationally efficient to allow real-time deployment.

FIGURE 1. Overview of thermal motor modeling and monitoring
techniques (CFD: computational fluid dynamics, FEA: finite element
analysis).

permanent magnet synchronous motors (PMSM) with their
thermally sensitive rotor magnets [6], [7] as well as for mo-
tors with an electrical current path (ohmic losses) in the
rotor, such as induction motors (IM) [8], [9] or electrically
excited synchronous motors (EESM) [10], [11]. Here, also
contact-based temperature sensors can be utilized but they re-
quire special signal transfer like slip rings [12], infrared com-
munication [13], bluetooth [14] or WiFi [15]. Alternatively,
non-contact type sensors like infrared thermometers [16] or
thermography cameras [17] are available, but they can only
measure the front or back side surface of the rotor which is
considerably less thermally stressed than the rotor interior.
Regardless of the specific rotor temperature instrumentation,
it must be noted that any measurement approach is associated
with enormous integration effort, costs and installation space
requirements.

B. MODEL-BASED TEMPERATURE MONITORING
Based on the previous discussion, it is therefore desirable
to avoid sensor-based temperature measurement in both the
stator and the rotor entirely or as far as possible. There-
fore, estimation methods based on mathematical models have
gained enormous importance both in industry and academia.
In Fig. 1, a summary of possible thermal motor modeling and
monitoring techniques is depicted.

As discussed before, real-time thermal monitoring is re-
quired for challenging applications with varying load and
ambient operation conditions. Otherwise, the motor control
unit cannot prevent thermal overload conditions unless large
safety margins are planned for during motor design. Classical

TABLE 1. Selected Temperature Coefficients α at Room Temperature of
Relevant Physical Properties Present in Electric Motors

motor design tools like computational fluid dynamics (CFD)
and finite element analysis (FEA) are not applicable in this
context since their computational complexity is by far too
high. Hence, the focus of this contribution is on computa-
tional lightweight model-based monitoring methods which
are suitable for being implemented on today’s or upcoming
(low-cost) embedded control hardware.

C. CONTRIBUTION
In recent years, enormous progress has been made in the field
of model-based temperature estimation, which is accompa-
nied by a large number of publications. Therefore, the aim of
this paper is to explain the basic working principles of the real-
time capable methods listed in Fig. 1 in the style of a tutorial
and to identify relevant primary literature. For each method,
advantages and drawbacks as well as primary application sce-
narios are highlighted. Furthermore, current challenges and
future trends of model-based motor temperature monitoring
are addressed. This article is therefore primarily aimed at (but
not limited to) engineers and scientists who would like to gain
an overview of the field. Basic knowledge of electromagnetic
motor behavior, its mathematical modeling as well as the
control of electric drives is assumed to be known.

II. TRACKING OF TEMPERATURE-SENSITIVE ELECTRICAL
MOTOR PARAMETERS
Some electrical motor parameters are sensitive to temperature
changes of the corresponding motor component. In most cases
it is sufficient to assume a linear function between the electri-
cal motor parameter θel and its temperature ϑ

θel(ϑ ) = [1 + α(ϑ − ϑ0)]θel(ϑ0), (1)

where ϑ0 is a reference temperature and α is the temperature
coefficient.1 Some relevant material properties for tempera-
ture tracking are summarized in Table 1. When accurately
observing θel during motor operation, (1) can be rearranged to
indirectly estimate the corresponding component temperature

ϑ̂ = ϑ0 + 1

α

(
θ̂el

θel(ϑ0)
− 1

)
(2)

1It should be noted that the linear relation is only a local approxima-
tion. When covering large temperature intervals nonlinear material behavior
should be expected which could be modeled by higher order polynomials
(cf. [18]).
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(a) Temperature model spectrum [2]
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Fig. 2. The MB training scheme on fixed-length subsequences: For
NODEs, gradients will be retrieved by backwards-solving an ODE from
end to start, parallelized over a certain amount of subsequences that
define a MB. For a TNN, multiple consecutive weight updates are
possible while propagating through subsequences in a MB.
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Fig. 3. The optimized topology according to [22] with 149 model
parameters. The thermal capacitances denote mere trainable constants.
Biases are not shown.

1) Thermal conductances: On the input sensor fea-
tures and the last predicted temperatures follows a two-
unit hidden layer, the TanH activation, an output layer
with as many nodes as there are temperature pairs with
unknown heat paths (here, 14), and the exponential linear
unit activation added by one, in order to have positive
output values.

2) Power losses: On the same input constellation as
for the previous sub-net follow two four-unit layers, the
former with the TanH and the latter with a sigmoid
activation function. These outputs denote the normalized
total losses generated in each component.

3) Thermal capacitances: These thermal properties
are derived from learned scalar values θc,i where i ∈ M,
one for each component. In particular, the exponential
activation function is applied on the learned parameters:
κ = exp(θc), with κ ∈ Rm being the inverse thermal ca-
pacitances. This setup helps to keep training numerically
stable and to accelerate the gradient descent optimization.
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Fig. 4. Sketch of the PMSM cross section (cf. [22]).

Fig. 5. Test bench with comparable PMSM in the lab (cf. [3]).

IV. EXPERIMENTAL RESULTS

For all modeling experiments we use TorchDiffEq
[4], Pytorch [32], and the open-source2 permanent mag-
net synchronous motor (PMSM) data set from [3]. A
schematic cross section of the motor under investigation
is seen in Fig. 4 and a picture of the test bench in the lab
is shown in Fig. 5. The most important characteristics of
the test bench are compiled in Tab. I. In this work, the
most interesting temperatures to monitor are those for
the following components: the stator winding ϑSW, stator
tooth ϑST, stator yoke ϑSY, and especially the permanent
magnets ϑPM. All temperatures are measured with type K
thermocouples, while the rotor temperature information is
transmitted wirelessly over a telemetry unit. All signals
are sampled with 2Hz. The loss function throughout all
experiments is the MSE between measurend and predicted
temperatures, averaged over the four target components.

The data set is split into a training set (65 profiles,
171 h), a validation set (one profile, 4.6 h), and a test
set (three profiles, 8.9 h). The validation set is used to
indicate generalization performance and possibly early
stopping during training after each epoch, while the test
set is evaluated after training for the true generalization
capability. Only profiles in the training set will be broken

2https://www.kaggle.com/wkirgsn/electric-motor-temperature
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(b) Exemplary NODE architecture [3]

Key research questions:

• How to integrate available physics-based knowledge into the NODE’s right-hand side?

• What are relevant input signals and derived features for the temperature estimation?

• Where is the sweet spot between model complexity and accuracy?

Necessary requirements:

• Finished course work on machine learning / system identification

• Fundamental knowledge of dynamical systems (ideally electrical machines) and their modeling

• Solid programming skills in scientific programming languages (e.g., Julia, JAX, PyTorch)
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WP 1: Literature research [4 weeks]
Scanning the scientific literature for relevant publications and patents related to data-driven / data-
assisted temperature estimation for electrical drives is the first step. Moreover, relevant work (and
implementation examples) in the area of system identification via NODEs in other engineering fields
should be found. This includes the identification of relevant keywords as part of the search strategy.
Relevant work will be stored in a literature review software (e.g., JabRef) and summarized in the
thesis.

WP 2: Model toolchain [4 weeks]
Based on available open-source data (e.g., on Kaggle), a training and test toolchain should be de-
veloped with an automatic differention capable programming language (e.g., Julia, JAX, PyTorch).
The implementation should also focus on computational efficiency and deployment towards hardware
accelerators (e.g., GPUs, TPUs).

WP 3: Model search [5 weeks]
Based on first-order principle knowledge regarding the electro-thermal behavior of electrical machines,
a set of NODE architectures should be investigated and compared. The focus should be on the
integration of interpretable engineering knowledge into the NODE’s right-hand side. This renders
itself a creative modelling procedure in the intersection of expert domain and data science knowledge,
which is likely not (or only partly) automatable. The NODEs should be trained and validated on
the data set from WP2. The performance of the NODEs should be compared to other data-driven
models from the literature.

WP 4: Feature analysis [4 weeks]
Electric drives provide a multitude of input signals that can be used for temperature estimation.
The most relevant signals should be identified and analyzed in terms of their information content
for the temperature estimation. Furthermore, derived features should be investigated to improve the
temperature estimation accuracy. The feature analysis should be based on the data set from WP2
and the NODEs from WP3. Eventually, parts of WP3 and WP4 must be iterated to find the best
model-features combination.

WP 5: Hyperparameters [3 weeks]
NODEs (and other ML-based models) have a multitude of hyperparameters that need to be opti-
mized. This includes the NODE’s depth, width, and the training hyperparameters (e.g., learning
rate, batch size). The hyperparameter optimization (HPO) can be automated using available open-
source toolboxes and should also focus on the complexits vs. accuarcy trade-off by identifying the
Pareto front between these two objectives. Depending on the computational load of this WP, the
HPO can be parallelized on a high-performance computing cluster.

Supervisor: O. Wallscheid 2 July 28, 2024
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WP 6: Documentation [4 weeks]
All work packages should be reported in a structured way within the thesis. A LaTeX template
should be used for this purpose: https://github.com/IAS-Uni-Siegen/thesis_latex_template.
Writing instructions can be found within the provided template source files. Based on the previous
empirical findings, conclusions should be drawn, and future research directions should be outlined.

Gantt chart
The planned timetable is shown in the Gantt diagram below.

Weeks

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

WP 1: Literature research

WP 2: Model toolchain

WP 3: Model search

WP 4: Feature analysis

WP 5: Hyperparameters

WP 6: Documentation

Figure 2: Gantt chart for the thesis.
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