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Abstract
Artificial intelligence and machine learning are becoming increasingly significant,
and the need to investigate the potential for different areas arises. This project inves-
tigated the potential of utilizing data-driven techniques for the thermal model of the
motor drive system at Volvo GTT. The aim was to incorporate the already-known
physics of the system into the data-driven models through different constraints to
achieve higher performance. The physics-informed neural network was built using
the PyTorch framework, and the project tested multiple types of networks and hy-
perparameters. Another model was created using the Nerve framework developed
by Volvo. The Nerve model only took one week to develop, which is significantly
shorter than the four months it took to develop the PINN model. The Nerve model
underwent training on a large amount of data, but its ability to accurately predict
the output of the thermal model was inconsistent.

It was shown that the self-developed data-driven gated recurrent unit model can
model the system effectively. Further, the data-driven model with physical con-
straints performed better than the models without incorporating previously known
physics. The best performance acquired in this investigation showed an 80 % re-
duction in MAE loss for power loss estimations and a 53 % reduction in winding
temperature estimations when incorporating physics compared to a purely data-
driven model. Based on the results, it is clear that PINNs have great potential
for applications where there is a shortage of available data. In such cases, tradi-
tional data-driven models may not be able to accurately capture the dynamics of
the thermal model as effectively as the PINNs.

Keywords: PINN, Nerve, MAE, data-driven modeling, GRU, Artificial intelligence,
Machine Learning
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Nomenclature

PW indingCoolant Power from heat transfer from stator windings to the coolant liquid
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1
Introduction

The transportation sector is the fastest-growing cause of greenhouse gas emissions
globally. It is now accounting for 17 % of the global emissions [1]. This is one rea-
son Volvo Trucks is developing and deploying electric trucks. When developing the
trucks, Volvo is currently using simulations based on physics-based models, which
are reduced order models (ROM), to evaluate the performance and capabilities of
the trucks. The ROMs are an efficient way of conducting many tests simultaneously,
is more time efficient, and acts as a supporting factor when determining which com-
ponents to use in the finalized products. In the electric motor (EM), surrounding
factors affect these physically based models, which are challenging to incorporate
into the current system. One solution for these problems could be to integrate
AI models of the driveline components, which can quickly predict the output once
trained on sufficient data.

AI is a popular trend at the moment. Much literature is being released, and more
funding is directed at AI research. According to [2] there has been an apparent
increase in machine learning over the last ten years, which does not seem to stop.
One reason for the increasing use cases for AI technology is the funding for this
research. Over the last years, the funding has exponentially increased [3].

With the gaining popularity and attention of AI and the possible potential, re-
searchers are looking into more data-driven models and AI utility. Several drives
are causing this growing trend, where one of the main factors is that data availability
and the techniques of extracting data are increasing. The data can then be used
to train the models and extract patterns and underlying relationships. This is de-
sirable when applying to various parts of the electric vehicle driveline, for example,
the thermal parts, which have very complex physical relations. When integrating AI
into a ROM, some aspects have to be kept in mind since the type of model depends
on the type of problem that is supposed to be solved. No solution fits all. However,
one problem with AI integration is that it can be challenging to get an insight into
how the AI works and its internal mechanisms of it [4].

Physical informed neural networks (PINNs) utilize prior knowledge about a sys-
tems behavior which many other machine learning/deep learning methods do not
[5]. With physical knowledge, the network can be governed by the physical rule and
constrain possible solutions. For example, the motor drive system (MDS) can not
get indefinitely hot. Since the physical differential equations govern the network, the
need for large amounts of high-quality data decreases due to the physical constraints.

1



1. Introduction

The main topic studied in this report is the thermal model of the MDS in the
Volvo trucks driveline, which is currently a black box model. This report will inves-
tigate the thermal model of the MDS using a Physical-Informed Recurrent Neural
Network (PIRNN) in order open this black box. The PRINN is a hybrid approach
(grey-box model) where initial and boundary conditions, together with physics, are
incorporated into the neural network, which helps it predict the output of a system
with less and more noisy data. The Recurrent Neural network is capable of storing
elements and using those elements for unkown outputs.

1.1 Previous research
The previous research on Physical Informed Neural Networks are both very narrow
and young. There is no clear way of implementing physics in machine learning and
there are no right or wrongs. One of the first articles published about this subject is
[6] in 2017, where Maziar Raissi is the author. He has since then published 3 other
articles where the latest was in 2021, [6] [5] [7]. Most of the research available on
PINNs today is refereeing to Raissi’s work in some way. The main focus of PINN
research is currently on proving that PINN works and can improve the area of neural
networks for the better, where this thesis aims to contribute further and broaden
the research of Physical Informed Neural Networks.

1.2 Problem description
Multiple factors must be considered when using software to simulate an entire driv-
eline’s behavior, computation speed, system robustness, the accuracy of the results,
and the possibility of understanding how the system or components work. The prob-
lem with the current thermal model is that it is nearly impossible to understand
how it works since it is a black box model.

Since the popularity of AI is continuously increasing, it is suitable for Volvo Group
Technology to investigate the use cases for AI integration and learning for com-
ponents on their driveline. This could increase the computational speed of their
simulations, their system’s robustness, and the results’ accuracy. However, the time
to train the network has to be kept in mind. For large datasets, the training time
could be very high, reaching up to days, but if the model is accurate enough, it
may be worth it. Thermal problems have been a problem for a long time due to
complicated dynamics, but PINNs could solve these problems [8].

1.2.1 Scope
AI-based techniques are currently getting a large amount of attention. How viable
are these techniques, and are they predicting sufficient and robust results? This
project aims to create a PINN that could be integrated into the Volvo software
models with good accuracy and quick computational speed while maintaining as
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1. Introduction

low network complexity as possible. The report should provide the reader with
knowledge about the use case and suggest other components that could be effec-
tively integrated with AI. The development time of AI technology from start to
finish will be investigated and compared with developing AI methods from existing
frameworks. The accuracy, computational speed results, and network architecture
will be compared and discussed.

1.2.2 Purpose
This thesis aims to evaluate if a physics-informed AI methodology is a possible and
viable way of modeling the thermal model of a drive system. A comparison between
a regular AI methodology and a physics-informed is necessary to evaluate if a purely
data-driven method is more viable than one with physics included.
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2
Theory

2.1 AI, Machine Learning and Deep Learning

The area of AI and machine learning comes in many different forms and sizes. Ma-
chine learning is a subarea of AI, and Deep Learning is a subarea of Machine learning,
as is represented in figure 2.1. Where ML aims to solve a specified task, two exam-
ples are Reduced order modeling (ROM) or image processing. At the same time,
AI incorporates a broader view and includes what the name indicates, intelligence.
The ability to learn to solve a new problem that was previously unknown. There is
a discussion about the definition of intelligence. Hence the distinction between ML
and AI is unclear. However, this chapter and project will only look at the area of
Machine Learning. [9] [10]

Machine Learning can be used to learn a specific behavior of a system and mimic its
characteristics based only on the inputs and outputs of that system. It can derive
a pattern from a previously unknown data set and identify different classes. The
problems that ML can solve could be divided into three groups. [9] [10]

1. Classification: Here the objective is to classify several data points. The
main thing could be different numbers, shapes, and pictures, i.e., The different
groups within the data are identified and assigned a classification or a name.

2. Clustering: Unlike a classification problem, a clustering problem aims to
group data points with similar attributes. It does not require setting a classi-
fication or a label on those groups.

3. Prediction: The objective is to predict the specific behavior of a system based
solely on historical data from that system.

5



2. Theory

Figure 2.1: AI, Machine learning and deep learning from [11]

Further, Machine Learning can be divided into four different groups. Supervised
learning, which presumes that both inputs and outputs are known and then trains
the model to mimic this. Unsupervised Learning, does not know the answer before-
hand but recognizes different patterns and sorts these into groups. Semi-supervised
Learning, which combines supervised and unsupervised learning. Reinforced Learn-
ing where the model accounts for changes in the original surroundings. [9] [10]

2.1.1 Supervised Learning
Supervised Learning makes predictions of unseen data based on historical data. It
uses big data sets where each input correlates to an answer or output. The model is
then trained to mimic these data sets, becoming more accurate for each new train-
ing data set. After training, the supervised learned model can take input data not
included in the training data and predict the output. [9] [10]

There are different applications for this, but they are usually divided into two groups;
Classification and Regression problems. When solving a classification problem with
Supervised Learning, the model is trained with, for example, pictures of different
objects. The answer to what kind of object it is is known. The model is trained to
recognize patterns and characteristics of the different objects to classify later objects
where the answer is unknown. A regression problem is where prior sequential data
is known for a system, and the model makes predictions on the future values of that
system based on that preliminary data. [9] [10]

2.1.2 Unsupervised Learning
Unsupervised Learning is where the model is trained with data in which the answer
is unknown. It recognizes different training data characteristics and then groups

6
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them based on these charecteristics. The model does not know the label or name of
these groups, just that they have similar characteristics. [9] [10]

2.1.3 Semi-supervised Learning

Semi-supervised Learning is the combination of supervised and unsupervised Learn-
ing. Most of the training data is unknown, except for a few of every group. The
model is then trained and divided the data into different groups. Further, the model
labels all the data points based on the few known ones. In this way, both supervised
and unsupervised learning are combined to solve the problem. [9] [10]

2.1.4 Reinforced Learning

Reinforced Learning is where the model is trained to reach a predefined goal while
accounting for a changing environment. For example, a chess-bot, where the model
(chess-bot) makes the moves based on the current situation. This means that there
is a new set of inputs for every prediction or move the model makes. The longer the
model is trained, the more it can understand the long-term effect of its moves. [9]
[10]

2.2 Neural Networks

Neural networks are a subsection of machine learning and can be implemented in
supervised, unsupervised, semi-supervised, and reinforced learning. It utilizes so-
called neurons and layers to learn a specific task. The learning is done with a large
amount of data related to that specific task. Depending on the task, the network ar-
chitectures can look different and it is a constant choice between different trade-offs.
For example, if the network size, number of neurons, and layers are increased, the
system can handle more complex problems while at the same time requiring more
computational power.

There are a large number of different neural networks. One common neural network
is a Feed Forward Neural Network (FFNN). Recurrent Neural Networks (RNN) is
another fairly common network. Different networks all have their own advantages
and disadvantages, where the choice depends on the application at hand. [9] [10]
Building a neural network demands that a set of parameters is decided, for example,
the number of neurons (vertical) and layers (horizontal). There are different kinds of
architectures in which these neurons and layers can be connected. The most common
or traditional is the FFNN, where the input is connected to the first hidden layer,
which is connected to the next layer until the output layer is reached. Figure 2.2
illustrates a FFNN. [10]

7
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Figure 2.2: Feed Forward Neural Network [10]

In each neuron of a FFNN, there is an operation where all outputs from the previous
layer are multiplied together with their respective weight values and then added
together. This weight value is calculated and changed during training to remember
specific patterns. More about this in section 2.2.1. The product of the sum of
previous values and then the weight is put through an activation function which
scales it to a smaller value. This operation is illustrated in figure 2.3. The output of
the activation function is the output of that neuron which is passed on to the next
layer. This process is repeated until the output layer is reached. [10]

Figure 2.3: Operation in one neuron in a FFNN [10]

Besides the inputs and weights, the neuron can have another term called biases,
which is added after all the inputs and weights are combined.

outputneuron = ϕ

(
i∑

n=0
(xi · wi) + bi

)
(2.1)

This is represented in (2.1). Where outputneuron is the output of the neuron, ϕ is
the activation function, i is the number of neurons in the previous layer, x is the

8
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inputs, w is the weight values, and b is the bias value. [10]

Figure 2.4: Visualisation of different activation functions [10]

Different activation functions can be used depending on the system the network
should mimic. For example, the Tanh and Sigmoid functions are good when pre-
dicting non-linearities, whereas the Tanh is used when there could be negative values
in the data set. The Hard Tanh and ReLU (Rectified linear Unit) functions are sim-
ilar to the Tanh and Sigmoid. An advantage of these functions is that the training
time is reduced. Visualization of different activation functions is shown in figure
2.4. The FFNN just discussed, calculates an output based on a set of inputs. This
output is calculated solely on these inputs and does not consider previous inputs.
For some systems, this can be a problem, for example, when modeling times-series
data or interpreting text with several words that by themselves do not mean any-
thing but, when put together in order, forms a sentence. [10]

The RNN addresses this and incorporates a memory part from previous inputs.
The RNN takes an input and calculates an output, similar to the FFNN. Neverthe-
less, unlike the FFNN, each neuron in the RNN has one more output and input.
One takes the output of that neuron from the previous time step and feeds it as
an input. The other feeds the output to the next time step. It can be seen as a
loop. In figure 2.5, a basic RNN is represented, where A is the entire network, h is
the output, t is the current time stamp, X is the input, and tanh is the activation
function. In this way, the network can predict the output at time t based on the
prediction made at time t-1. At any time, t, the prediction will be made on the
prediction from t-1, along with all the previous predictions. In this way the RNN
can handle sequential- and time-series data, which is why it works well for dynamic
systems. However, one problem with a basic RNN is its capability to remember
long-term dependencies sufficiently enough. Every time a new time step is taken,
the trace from the previous t-1 gets smaller and smaller. The prediction from t-1000

9
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will still be there at time t, but the impact on the prediction will be minimal. This
is called vanishing gradients. [10]

Figure 2.5: Visualisation of a Basic RNN [12]

One way to solve this is through a Long-Short Term Memory (LSTM) or Gated Re-
current Unit (GRU) network, a version of RNNs. The LSTM network can remember
previous outputs, like the RNN, but it can also forget or reduce the impact of pre-
vious outputs. This is done by having a cell state, forget gate, an input gate, and
an output gate within the neuron. The cell state remembers the previous cell state.
The forget gate determines how much of the previous cell state is to be remembered
and uses a sigmoid function to do this. The function outputs a value between 0
and 1, where one is essential, and 0 is unimportant. The input gate determines how
much the current input should impact the cell state. [10]

Moreover, like the forget gate, it utilizes a sigmoid function to do this. The output
gate regulates how much of the cell state should go to the output. This is made
with a sigmoid function.

The GRU works in a similar way to the LSTM but has a less complex architecture
with fewer inputs and outputs. The GRU has a relevant gate, forget gate, input gate,
and a cell state that is combined with the output. The relevant gate determines
what is worth keeping from the previous cell state. The input gate and forget gate
determine how much of the new input should be stored. A visualization of an LSTM
and GRU can be seen in figure 2.6, where σ is a Sigmoid function and tanh is a
Tanh function. Both the sigmoid and Tanh function is shown in 2.4. The GRU has
a faster computational time due to its simpler architecture compared to the LSTM.
It can handle long-time dependencies, but not as well as the LSTM. So the GRU is
suitable when trying to model systems with relatively short-time dependencies. [10]

10
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Figure 2.6: Visualisation of a LSTM and a GRU [12]

2.2.1 Training
When a neural network is trained, it aims to mimic a system based on data from that
system, both input, and output. One basic component for this is backpropagation. It
can be described as a forward and backward phase. In the forward phase or forward
pass the input goes through the network and produces an output, the output is
compared with the correct value for that set of inputs.

L = MSE = 1
n

n∑
i=1

(yi − ŷi)2 (2.2)

The comparison is done with a loss function, one popular loss function is Mean
Squared Error (MSE) and is represented in (2.2), where L is the loss function, n is
the number of input sets, yi is the true value and ŷi is the predicted value. [10]

The next phase is the backward phase and the goal is to minimize the loss function
by altering the weights and biases. When using backpropagation the minimization
is made by calculating the derivative of the loss function with respect to the weights
and biases,

∂L
∂wij

= ∂L
∂zj

· ∂zj

∂wij

(2.3)

∂L
∂bij

= ∂L
∂zj

· ∂zj

∂bij

(2.4)

This is made through the chain rule and is shown in (2.3), where ∂L is the partial
derivative of the loss function, ∂wij is the partial derivative of the weight of the i
neuron in the j layer, ∂zij is the partial derivative of the input to the activation
function in (2.1) of the i neuron in the j layer. The same is done for the bias term
according to (2.4). [10]

w = w − η · ∂L
∂wij

(2.5)
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b = b− η · ∂L
∂bij

(2.6)

Then all the weight and biases are updated by subtracting the partial derivatives
from the previous value. This is represented in (2.5) and (2.6), where η is the learn-
ing rate. Backpropagation is one basic way of training a network, but there are a
large amount of more advanced optimization algorithms that are built upon back-
propagation that can be used as well. One popular is the Adam optimizer and its
variants like AdamW. Another one is the SGD. The choice of optimizers depends on
the task at hand and is often chosen based on trying different optimizers and taking
the best-performing one. [10]

One problem when training the network can be overfitting the training data. Over-
fitting is when the network learns the training data set too well and fails to handle
new data outside the training data set. It fails to generalize and does not mimic the
system, only the training data set. There are a lot of different strategies to prevent
overfitting. One example is having a dropout layer, where randomly selected neu-
rons will be removed/turned off or dropped out. In this way, the network can not
rely on one specific path but must generalize to minimize the loss function. Another
way to prevent overfitting is to incorporate an early stop in training, which will stop
the training process if the network has stopped minimizing the loss function on the
new data. This is done by simultaneously testing the network on new data as it is
trained. The new data is usually called validation data. [10]

Another parameter that needs deciding is how the network will receive feedback
or backpropagate during training. There are many different techniques, and here,
an educated guess will be made and tuned through testing. Here there is a difference
between the traditional and cross-coupling networks. The traditional is harder to
train, i.e., slower, since the back-propagation or feedback needs to travel through
more neurons. However, one advantage is that it is easier to write the training code
for the traditional network than cross-coupling.

2.2.2 Pretraining

Pretraining is a method that could be useful to increase the robustness of the neural
network [13]. Like the human brain functions, pre-trained neural networks can utilize
previously known knowledge about a system to handle tasks within the system better
[14]. In the case of this report, one example of pretraining could be to utilize vehicle
log data which is rather noisy. However, much data is available to pre-train the
network and make it learn the general behavior of the thermal system. Then fine-
tune it with training on GSP data to accurately estimate the outputs from the
thermal model. In this case, winding temperature and thermal losses.
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2.3 Modeling

The current model for the entire driveline is built in Simulink with some exceptions,
with Python or C code. The models are based on physical equations, where the
primary inputs are torque request, speed, and voltage. With the help of physical
functions, the current and power is then calculated. From theory, this is the opposite
of traditional modeling, where a current, voltage, and speed are input into a motor,
and torque is an output.

According to [15], the concept of a digital twin has had some different definitions
and is referred to in different ways; it was described as a "probabilistic simulation
of a vehicle" by [16] which is closely related to the goal of this thesis. A summation
of benefits with a digital twin is concluded in [15], which describes increases in pro-
ductivity and quality while reducing time, cost, and complexity. For the automotive
industry, there are multiple stages of a digital twin, from a prototype of a new ve-
hicle to a simulation twin and, at last, a reuse twin, which is a way to use data to
conclude performance [15]. The PINN system being developed for a thermal model
is an example of a Simulation twin software upgrade, where the developers upgrade
the current software for digital twins in use.

One significant reason for using simulation modeling when constricting vehicles is
that the overall production time decreases, the cost decreases, and enables quality
improvements. Simulations enable multiple tests to run simultaneously for different
types of drive cycles to determine the vehicle’s performance and possible changes
that must be made. If a change occurs, it is more economically efficient to do so
in the development phase, in the simulation environment, than for an actual test
vehicle.

Currently, numerous advanced software tools exist designed to simulate entire drive-
lines. Simulink, a simulation and model-based design software, is a prevalent choice
among engineers and researchers due to its user-friendly interface and versatile
functionalities. In addition to Simulink, there are multiple other tools available
for Simulink. The user can combine it with other programs or scripts, as well as
multiple toolboxes that simplify the use of example, neural networks for the user.
Maxwell2D is an example software tool for the virtual analysis of motors designed
by the user. It employs the Finite Element Method (FEM) to model the motor’s
electromagnetic properties and simulate its behavior under different operating con-
ditions. The results obtained through such simulations can provide valuable insights
into the motor’s performance and heat distribution and can aid in its optimization.

Utilizing these advanced software tools has significantly enhanced the design and
development of drivelines. By employing virtual simulations, engineers and re-
searchers can analyze various driveline components under diverse operating con-
ditions, thereby identifying and mitigating potential issues. Furthermore, these
tools allow for the efficient optimization of driveline designs and evaluation of their
performance before their physical implementation.
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2.4 Driveline & components

The driveline of a fully electric truck consists of various interdependent compo-
nents, including the Energy Storage system that provides electrical energy to power
converters, charge unit, motor drive system, shafts, gears, auxiliaries, and wheels.
Together, these components facilitate the efficient functioning of the vehicle. De-
spite their high-level nature, each component has a complex underlying structure.
For instance, the Energy Storage system requires State of Charge (SOC) estimat-
ing software and State of Health (SOH) estimation mechanisms to ensure optimal
performance. Similarly, the converters necessitate regulating systems that control
the motor’s power output. In a driveline system, efficient power transfer from the
source to the load is critical for achieving optimal performance. However, all the
components within the driveline suffer from various types of losses, which can sig-
nificantly impact the system’s overall efficiency.

One of the sources of loss in the driveline is mechanical losses in the drive shafts.
Transferring torque through the shafts involves friction and other forms of resistance,
resulting in a loss of power. The physical properties of the drive shafts, such as ma-
terial and design, can affect the amount of energy lost through mechanical losses.
Another source of loss in the driveline is the switching losses of the power converters.
Power converters are used to convert the electrical power from the battery into a
suitable format for the load. During the switching process, power is dissipated in
heat, resulting in a loss of efficiency. Magnetic losses within the motor contribute to
the losses in the driveline. Motors rely on the interaction between magnetic fields to
produce torque and rotational motion. However, these interactions are imperfect,
resulting in some energy loss as heat. The magnitude of these losses depends on the
motor’s design, the material used in the construction of the magnetic cores, and the
quality of the electrical insulation.

In addition to the above sources of loss, thermal losses are a factor in most of
the components in the driveline. When a current flows through a component, it
generates heat, which can cause inefficiencies and potentially damage the compo-
nent if not dissipated adequately. This is why thermal models are pretty challenging
to model. It is here that AI models (PINN in this case) potentially could help due
to the ability to map the underlying system based on labeled input, output, and
differential equations. In this instance, given the advanced level of development of
the MDS, this component will be the central focus of the study. Specifically, the
thermal model within the MDS will be subject to a more comprehensive and in-
depth analysis.

Traditionally physical models in Simulink are built in the same direction as mo-
tor drive rigs. However, at Volvo, the Simulink model is in the opposite direction.
Instead of inputting a current and speed into the motor drive while applying a volt-
age over it and getting a torque, this model takes a torque request, applied speed,
and voltage and then outputs a current. This report will model the thermal model
subcomponent in the same direction as the current Simulink model. It will depend
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on the torque, speed and temperatures, and coolant flows.

2.4.1 The motor drive systems thermal model
The current thermal model for Volvos MDS is a black box model provided by a
supplier. It takes the inputs into some unknown matrix and then provides outputs
based on the matrix. The exact equations for the model do not exist since the
matrix used is based on FEM analysis. This is a working solution, but since it is a
black box, it is difficult to understand what it does and physically model it into the
virtual drive line.

According to [17], there is no extensive research and testing on applying neural net-
work models for temperature predictions of PMSMs. Furthermore, the traditional
finite element method can only predict temperature based on linear data from the
current, which is why Neural networks are looked into, since there is a possibility to
model nonlinearities in the historical data [17].

2.4.2 Other components suitable for AI integration
The battery is an essential part of the driveline of electric vehicles. Due to the
complexity of the material in the battery and the difficulties in modeling the electri-
cal and thermal dynamics, AI integration is suitable for modeling this component.
When doing equivalent circuit modeling, commonly used in battery management
systems (BMS), it is crucial to balance the accuracy against the model complexity
[18]. One of the most critical tasks the BMS has is to accurately estimate the dif-
ferent states of the battery to ensure that it is being used safely. However, this is
difficult due to the batteries’ complexity and nonlinearities [18]. The primary states
that could affect the vehicle’s performance are the SOH and SOC; as mentioned
earlier, these have to be accurately estimated to ensure the safety of the person
operating the vehicle.

Another example of neural network implementation is in [19], where a feed-forward
neural network is built to control the voltage level of a DC/DC converter, where the
network outperforms better than a classic linear controller.

As mentioned earlier, when it comes to AI integration and implementation, no one
model fits all problems; instead, for each problem, a unique AI model has to be
developed with different amounts of complexity. The more complex the problem is,
the more advanced the neural network has to be to cope with complex relations and
nonlinearities.

2.5 PINN Implementation and Possibilities
The main difference between the Physically informed neural network and a regular
neural network is mainly the loss function, where the physics are implemented.
In the loss function governing equations, boundary, and initial conditions can be
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added [20]. Instead of being purely data-driven like other neural networks PINNs
take the underlying physics into account; however, to create a PINN, one has to
know the physics [20]. The amount of literature on real case applications is scarce,
and it has yet to be done for PMSMs, which makes this project unique. There are
some application concepts in other areas; in [21], a PINN is used to determine the
dynamical states of the power system, e.g., rotor angle and frequency. The reason
for the implementation is that a PINN does not require as much data as other neural
networks, which enables a reduction of the network complexity. In the case of [21],
the PINN can compute the dynamic behaviors 87 times faster than the current
numerical calculations.

2.6 Thermal Modeling

There are three types of heat transportation within the PMSM, conduction, con-
vection, and radiation [22]. Conduction is when two elements are close to each
other, ex, within the stator where the laminated copper wires generate heat due to
resistances in the wires and conduct it to the motor housing. Both the hysteresis
losses and eddy currents generate heat that conducts through the rotor shaft. Heat
convection occurs due to some fluid or gas transporting the heat. In the stator,
the air can conduct heat away from it. However, in this thesis, the thermal model
is based on Forward Euler estimations that have been matched with the driveline’s
current black box thermal model. The Simulink model is converted to forward Euler
equations to enable implementation in the RNN, converting it to a PINN.

yn+1 = yn + hf(tn, yn) (2.7)

Algorithm 1 General forward Euler algorithm from source [23]
Inputs:

y0, tend

Initialize:
t0 = 0, y0

for n = 0 : tend/h do
tn = nh
yn+1 ← yn + hf(tn, yn)

end for
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Algorithm 2 Forward Euler to estimate winding temperature in the thermal model,
here x contains winding temperatures

Inputs:
ts, Heatloss, xvector = [x0, ...]

Initialize:
x0 = Tambient

for i:N do
ẋ← f(x0, Heatloss(i))ts + xvector(i)
xvector.append(ẋ) ▷ append adds to the list

end for

The forward Euler equations can be found in section 3.1.1. The general forward
Euler can be seen in (2.7) and its algorithm is shown in algorithm 1. The case for
this thesis can be described with algorithm 2, where the winding temperature can
be estimated based on constants, the current winding temperature, and the power
loss from the thermal model.
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Methods

This section will describe the method that was used to produce results. The models
was created using Python [24] and PyTorch [25]. At first, a simple Recurrent neural
network was created, then a more advanced Long-Short-Term-Memory- and Gated
recurrent unit RNN was designed. This is to be able to compare the performance of
the different networks to provide a sufficient recommendation on what Volvo should
focus on regarding AI implementation on their virtual driveline. Then governing
physics on how the thermal model behaves was added to the more advanced RNN
to form a PINN. Furthermore, Volvo already has an existing framework for training
and creating neural networks. This was also added in the comparison of perfor-
mance between different simulation methods. Various parameters were used in the
investigation based on the end application and user.

3.1 Pre-calculations
Different parameters and data can be acquired by measuring parts within the drive-
line. When generating data from the virtual driveline, the output from the thermal
model is both power loss, winding temperature, and temperatures from other hot
spots. In this investigation, the power loss and winding temperature will be pre-
dicted. The data for winding temperature from the test vehicles are more scarce
because measurement equipment is rather expensive.

Pin(t) = u(t)i(t) (3.1)

Pout(t) = T (t)w(t) (3.2)

Pthloss(t) = (Pin(t)− Pout(t)) (3.3)

However, in that case, one could use the Voltage, Current, Torque, and Speed to
estimate the winding temperature. In the field test data, the power loss is not logged
directly. However, the input current and voltage can be used to calculate the input
power. The power output can also be calculated from the logged data since torque
and motor speed are logged. This is done by (3.1) - (3.3)

In order to increase the accuracy of the neural network, physical calculations of
the winding temperature and power loss will be fed into it in order to provide more
information to the network. This was then compared with the accuracy of a network
without this information, in order to be able to evaluate how the physically informed
network performed compared to the standard network. From physics, the winding
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temperature can be calculated based on the power loss.

There are test rig data which is more detailed, where a vehicle is using a virtual
cycle, and forces are applied precisely how they would be in reality. This equipment
is installed with more data collection sensors, which gives more data and a higher
quality of data. In the case of creating an entirely data-driven model of components
within the virtual driveline, this type of data would be sufficient since the data is
created by the same drive cycles. When a model is precise, the gap between sim-
ulations and actuality decreases, resulting in more reliable outcomes that can be
utilized with greater assurance. Another advantage is that the simulations will be
faster due to the data-driven model. With a data-driven model, calculations are
unnecessary; the model will get input and use the weights in the network to predict
an output.

3.1.1 Forward Euler calculations
From the forward Euler method, the winding temperature, stator temperature, and
coolant outflow temperature can be calculated based on the coolant inflow tempera-
ture, the coolant flow, and the power loss from the thermal model. In this case, the
coolant inflow, temperature, and ambient temperature are assumed to be constant
at 18 l/min, the coolant temperature set to 50 degrees Celsius, and the ambient to
25 degrees Celsius. This was done to ensure that the forward Euler method provides
an accurate and similar representation of the thermal system.

PW indingCoolant = (TCoolantOut − TW inding)AW idningCoolantρW indingCoolant (3.4)

PStatorCoolant = (TCoolantOut − TStator)AStatorCoolantρStatorCoolant (3.5)

PW indingStator = (TW inding − TStator)AW indingStatorρW indingStator (3.6)

ṪW inding = Pthloss + PW indingCoolant − PW indingStator

mW indingcpW inding

ts + TW inding (3.7)

ṪStator = PStatorCoolant + PW indingStator

mStatorcpem

ts + TStator (3.8)

ṪCoolantOut = (TCoolantIn−TCoolantOut)F low∗cpCoolant−PW indingCoolant−PStatorCoolant

mCoolantcpCoolant
ts + TCoolantOut (3.9)

The winding temperature was then used as an input into the neural network which
could use the calculated value as a guideline to predict a more accurate value.

3.2 Choice of AI methodology
From the theory, RNNs were selected since the data consists of sequential time series
data. A few tests were made to see which type of recurrent neural network works
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best, where the hyperparameters were held constant, and the kind of network was
exchanged from LSTM to GRU. This was done to ensure that the best possible
structure was in use, and from the literature, it is hard to conclude which network
type is suitable for each use case.

3.3 Early stage testing
The first step was to create an RNN to see performance and estimate the time needed
to develop and train a model. This ensures a sufficient recommendation regarding
what Volvo should continue to investigate and implement into its current software.
Multiple RNNs were created with increasing complexity. The added complexity was
that instead of recurrent nodes adding LSTM or GRU nodes that can remember
previous outputs. Other complexities were the network size (number of neurons and
hidden layers). However, the training time and accuracy did not always increase
with the increased performance.

A first approach to integrate the physics into the network was to calculate the
values that the model should predict and then compare the predicted values to the
calculated ones. From this comparison, a second loss term would then be added to
the loss function together with the original loss. However, it was concluded that the
same effect could be obtained by increasing the learning rate.

3.4 PINN

3.4.1 Case setup
The physically informed neural network consists of two essential parts. The first
one is the LSTM or GRU recurrent neural network, which trains and learns upon
given inputs and outputs. The second is the governing physics within the system,
which is added to the model’s training process.

The PINN operates and trains similarly to the RNN. It compares the output of
the model with an already-known output. This comparison’s MSE produces a spe-
cific loss representing the model’s accuracy. From this loss, the influence of each
neuron is calculated and changed accordingly, as explained in section 2.2.1.

To integrate physics principles into a neural network, it is first necessary to establish
a robust and comprehensive understanding of the underlying physics. In thermal
modeling, multiple phenomena are at play, including heat transfer and generation.
However, since heat-related physics is very complicated, it will be simplified. One
characteristic of the temperature is that it can not change immediately, it has a
dynamic response to changes in different parameters. Hence if the model would
predict that the temperature changes too quickly than what is physically possible,
the training process should penalize this in the loss function. This was done with a
maximum gradient constraint on the temperature.
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LRNN = 1
n

n∑
i=1

(yi − ŷi)2 (3.10)

Tgradient = max(ŷwinding(t + 1)− ŷwinding(t)) (3.11)

Maxgradient = max(ywinding(t + 1)− ywinding(t)) (3.12)

Gradientpenalty = mean(Tgradient −Maxgradient) (3.13)

Ltotal = LRNN + ΓGradientpenalty (3.14)

The temperature gradient (Tgradient) was calculated according to (3.11), where the
slope between each value in the estimated winding temperature (ŷwinding) is calcu-
lated. The max temperature gradient is calculated in the same way but with the true
values (ywinding) instead. The gradient penalty was calculated by taking the mean
of every value where the temperature gradient exceeds the max gradient. The total
loss was calculated by the loss from the model added with a tuning factor Γ and the
gradient penalty variable according to (3.14). This implementation aimed to reduce
unrealistic oscillations in the predicted output. The tuning factor Γ was added as
a hyperparameter to tune the effect this slope error should have on the loss function.

The forward Euler approximation together with the heat loss calculation is not
100 % accurate when predicting the output, unlike the output from the simulations
from Simulink, which is assumed to be the true value. However, the calculated
values were used as input into the network to evaluate the effects of the physical
information. The aim of this implementation was to give the network some idea
about how the characteristics of the output behave.

The network was created using the PyTorch library, which is built on TensorFlow
and is used to simplify the modeling of neural networks. Here the network structure
and forward function is defined. The training and validation are done simultane-
ously, while the testing is done afterward, at this stage, the MSE values are being
outputted, and where the performance of the network can be determined. The mean
average error (MEA) and root mean square error (RMSE) values are calculated to
determine the accuracy of the model that is being evaluated.

The model for creating training, validation, and test data is all-physics-based. The
thermal part of this model is based on FEM calculations, whereas in Simulink, it is
a black-box model from the suppliers.

3.4.2 Data
The data is based on drive cycles that are available in GSP. The results from the
Simulink model are then cut into the first hour of the cycles. The cycles are then
randomly selected as training, validation, and test cycles. Out of 15 cycles, 12 are
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training cycles, two are for validation, and one is for testing (80 % training, 13 %
validation, and 7 % testing data). This split is done to be able to train on as much
data as possible due to the limited amount of acquired data. The cycles then get
an ID which will ensure that the training cycles do not overlap, which could cause
issues due to the reset between each cycle. The problem with the reset is that the
final winding temperature could be 135 degrees Celsius, and the first value of the
next cycle could have a winding temperature of 25 degrees Celsius. If the cycles
are not divided correctly, the network will try to catch this unrealistic behavior and
create oscillations on the predicted values. The data is standardized (mean = 0 and
standard deviation = 1) to remove units from the data and improve the training
process. The standardization is done to ensure that each input/output (feature) will
have a similar impact on the model [26].

Since each drive cycle contains different operating points, the network will perform
better if the training data set contains operation points over the entire possible range
of the thermal model. Therefore, switching the cycles between test and training is
essential to see how it affects the results.

3.4.3 Hyperparameter test

Multiple parameters must be selected to acquire a good network to train and learn
the system’s dynamics while maintaining an excellent ability to generalize new data.
All of the parameters are tunable to certain extents. To make sense of all the
parameters, a test where a standard network was selected and the other parameters
were changed individually to determine the contribution to the network accuracy.
A summation of the hyperparameters incorporated can be seen in table 3.1.
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Table 3.1: Settings for the Physics informed neural network

Hyper Parameter Explenation
Network Type Type of Recurrent neural networks,

such as LSTM or GRU
Activation Function Activation nodes on each of the neuron

layers, ReLU or tanH
Epoch Amount of times the entire dataset is

trained on (sent through the training
and validation loop)

Learning Rate The magnitude of adjustments made
to the weights during training, with a
higher learning rate resulting in more
significant weight updates per iteration

Batch Size How many samples in the dataset the
network trains on before adjusting the
weight of the neurons within it

Hidden Dimensions The Width (number of neurons in each
layer) and the Depth (number of hidden
layers) of the Network

Drop out The probability of turning off a neuron
within the network

Weight decay A regularization factor for the neurons
within the network

Early Stopping Patience How many times the validation loss is
allowed to be larger than the best val-
idation loss value before stopping the
training

Early Stopping Delta How much the validation loss has to be
decreased to count as a reduction

Learning Rate Decay factor A factor of how much the learning rate
decreases after a set condition (ex. if
validation loss has not decreased in 4
Epochs)

Physical Weight (Γ) How much the temperature gradient
slope will have an impact on the loss
function

3.4.4 Physical effects test

Several tests were conducted to evaluate if physics contributes to more accurate
results, faster training, and the potential to train on fewer data. The tests were
made on similar networks to generate comparable results.
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3.4.4.1 Performance

The first test was divided into three parts to see the performance effects of integrat-
ing physics into the neural network. The first test was to train an RNN without
physics. The next test was only to input the pre-calculated values for the winding
temperature and the power loss. The final test was to incorporate a gradient con-
straint on the temperature gradient, which will prohibit oscillating behavior. To
ensure that the range of the data set was adequate, the test cycle was exchanged
to another cycle, and the same test method was conducted again to compare the
results and see if it had an impact.

3.4.4.2 Lower Amount of available data

The next test evaluated the network’s ability to predict the winding temperature
and power loss with significantly reduced data. Instead of utilizing the 12 drive
cycles to train the network as the previous test did, this test used five cycles to train
on, one to validate, and one to test on. This was done for the test that performed
best of the two earlier performance tests.

3.5 Framework - Nerve
A team at Volvo has created a general Framework, similar to PyTorch, Keras, and
Tensorflow, upon said packages. This framework is mainly developed for users at
Volvo that want to conduct simulations and tests with AI estimation. However, the
framework is in the development phase and is not developed for physically informed
neural networks, but it estimates how a neural network should perform.

Regarding the scope of this thesis, there are other aspects to consider. For Volvo to
further integrate AI and machine learning into its current system, this framework
can help simplify the process. From a user’s perspective, it is mostly about acquiring
and prepossessing the data instead of developing a complete neural network and de-
termining which structure architecture should be used. The advantage of using the
Nerve Framework is that the user can have limited experience with AI technology,
machine learning, or neural networks. However, to further developing it or tuning
it for specific use cases could be a requirement.

Nerve can train on many different concepts (Trucks) simultaneously and is being
developed to act as a helping hand when selecting vehicle components.

3.5.1 Case Setup - Nerve
The Nerve Framework approach differs slightly from when developing an entirely
new neural network. In Nerve, the network used to solve tasks is Transformers with
some conventional layers, which differs from the network developed from scratch.
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Since it is pre-developed, there are also more difficulties with integrating physics
into the neural network. The models built by the framework are currently entirely
data-driven, which makes estimations of non-measured values impossible.

The Nerve framework works similarly to the original script that was created. How-
ever, there is more prepossessing needed. The framework only accepts certain types
of files, which also need to have certain information in them. Since the data is a
time series, a time vector must be included. The framework then loads all the data
for each concept/cycle and slices it into batches of chosen size, 128 samples for GSP
data. However, this depends on how much data is being used. In the case of field
test data where there are possibilities to acquire high amounts of data, the slice size
should be increased to speed up the training process. When slicing the data, it is
only possible to present the results in those slices, indicating how well the model
performs at a randomized place in a random drive cycle.

The user then defines the training process, where batch size, epochs, learning rate,
etc, is set. The type of network is already predefined as a transformer network, as
mentioned above. However, the user selects the architecture, in this case, six hidden
layers with 256 neurons in each layer. In this case, the neural network training
should be quick when the prediction is limited to one motor for one type of electric
truck. Furthermore, with this framework, estimating more components in the MDS
is possible. If enough data is acquired, the entire could be estimated by a neural
network, which will be an entirely data-driven model of the system.

The network aims to accurately predict the winding temperature output and the
thermal model’s power loss. The power loss can then be used with the forward Euler
formulas described previously and the coolant flow and coolant in flow temperature
to estimate the stator and coolant outflow temperatures. The winding temperature
can also be calculated from the power loss, which will then be compared to the pre-
dicted winding temperature. The stator temperature estimation should be correct
if the estimated winding temperatures are similar.

If the trained model does not perform reasonably accurately, there are options to
increase the performance. Since the data is limited by the number of drive cycles
in GSP, one alternative is to take the generated results from GSP and introduce a
random error. When introducing this error, the model should be trained to be more
general than for each specific cycle, preventing overfitting and increasing the possi-
bility of more accurate correct complex behavior. Another option is to pre-train the
model. This is done by introducing a general dataset and then training on a specific
task dataset, in this case, the dataset for the thermal model. This is effective when
the task-specific dataset is limited. Hence it is a viable solution in this case.

3.5.1.1 Tests

The tests set up had some differences; from the first to the second test, the amount
of data was increased from 4.6 to 5.6 million data points (21.7 % increase in the
amount of data). The network architecture for the cases had the same setup of 6
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hidden layers and 256 neurons within each of the layers. The setup for Nerve is
that the input is the same as in the PINN case (Motor speed, Torque, Voltage, and
Current), but in this case, only one output is predicted, which means the network
is trained on two separate data sets. One data set predicts the power loss for the
thermal model, and one predicts the winding temperature. The settings for the
nerve tests can be seen in table 3.2.

Table 3.2: Settings for the tests of the Nerve framework

Settings Values
Batch size 128
#Epochs 128
#Validation batches 12
Learning Rate 1e-4
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4
Results

4.1 PINN

4.1.1 Network Structure

The first part of building a neural network is selecting the appropriate network type
and size. Due to the dynamic behavior of the thermal model, a regular RNN could
not suffice. The network type was then a hyperparameter, either an LSTM or a
GRU, where the one that performed best was selected. Both of the networks had
the same hyperparameters.

Table 4.1: Settings for comparison between GRU and LSTM

Hyper Parameter Setting
Network Type GRU/LSTM
Activation Function TanH
Epoch 200
Learning Rate 1e-3
Batch Size 10 % of a whole cycle
Hidden Dimensions [512,256,256,128,128,256]
Drop out 50 %
Weight decay 1e-5
Early Stopping Patience 16
Early Stopping Delta 1e-6
Learning Rate Decay factor 50 %
Physical Weight 5

When evaluating the training and validation, the main result from GRU compared
to LSTM is that the training loss converges with the validation loss, which is a
desired behavior, since the network fits well with the training data and generalizes
well with new data. This can also be seen in figure 4.2a and 4.2b, where the general
solution to the test set is predicted better by the GRU network than by the LSTM
network.
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(a) Training and validation for GRU (b) Training and validation for LSTM

Figure 4.1: Training and validation of GRU and LSTM

From figure 4.2a and 4.2b it was found that GRU performed better for this system.
As can be seen in the figure, the predicted value fits better for the GRU network,
where oscillations are more dampened, and the high peaks are limited. When com-
paring these results, the system dynamics are out of the highest importance. The
fast switching temperature seen in the LSTM network is not possible in reality,
which is why the GRU performs better. In figure 4.2a and 4.2b the Actual is a
representation of the Simulink model which is based on FEM calculations and the
Predicted is the output of the PINN.

(a) Winding Temperature prediction
with GRU

(b) Winding Temperature prediction
with LSTM

Figure 4.2: Performance of GRU and LSTM

To find the importance of the width and depth of the network, a standard network
was compared with a narrow, wide, shallow, and deep network. From the test, it
was found that good architecture should be both quite deep and wide. The other
hyperparameters were tuned simultaneously, where a test network was compared
with other networks where only one hyperparameter was changed and the rest held
constant. In the case of this system, the depth and the width had high importance
for the network to catch the dynamics. The dropout, early stopping, and learning
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rate decay were used to prohibit the network from overfitting toward the training
data.

4.1.2 Comparison of normal GRU with PI-GRU
The following results compare the network behavior with and without physical guid-
ance. The hyperparameters are defined in the table below. The different tests are
one standard GRU network without physics as inputs, one with physics as input but
without the gradient constraint of the temperature gradient (Physical Weight = 0),
and one with both physical calculations as an input and the temperature gradient
active.

Table 4.2: Settings for comparison between regular GRU, physics-informed GRU,
and physics-informed GRU with gradient constraint

Hyper Parameter Setting
Network Type GRU
Activation Function TanH
Epoch 200
Learning Rate 1e-3
Batch Size 10 % of a whole cycle
Hidden Dimensions [1024,512,256,128,256]
Drop out 50 %
Weight decay 1e-5
Early Stopping Patience 12
Early Stopping Delta 1e-6
Learning Rate Decay factor 50 %
Physical Weight 10 or 0

31



4. Results

4.1.2.1 Performance

It is clear from the training and testing results that the networks that utilize physics,
and data, have higher accuracy on the predicted winding temperature and power
loss. The oscillating behavior is dampened when integrating physics, and the initial
prediction does not deviate as much as the network without physics. In order to
see the efficiency of incorporating the gradient constraint as well, the graphs have
to be analyzed. It can be seen in figure 4.3 that there is a range problem with the
data since the amplitude of the power loss is not reaching the top amplitudes of the
test dataset. If the training data had a higher range, as in performance test 2, the
prediction would be more accurate since the test data is within the training data
range. The tables 4.3 and 4.4 shows that the networks for the second test learn the
dynamics of the system much faster and with higher accuracy. However, there are
more problems with oscillations in this case.

Table 4.3: Result for performance test 1

Performance test 1 Without Physics With Physics With Physics and
Gradient Constraint

Epochs 58 200 124
MAE Power Loss 0.378 0.097 0.087
MAE Winding
Temperature 0.523 0.323 0.333

RMSE Power Loss 0.646 0.194 0.179
RMSE Winding
Temperature 0.706 0.496 0.497

Time to train 15 min 20 s 51 min 52 min

Table 4.4: Result for performance test 2 (switched test cycle)

Performance test 2 Without Physics With Physics With Physics and
Gradient Constraint

Epochs 35 42 58
MAE Power Loss 0.317 0.066 0.063
MAE Winding
Temperature 0.382 0.186 0.178

RMSE Power Loss 0.409 0.099 0.097
RMSE Winding
Temperature 0.507 0.246 0.242

Time to train 11 min 13 min 23 min
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(a) No physics winding temperature (b) No physics power loss

(c) With physical input winding tem-
perature (d) With physical input power loss

(e) With physical input and gradient
constraint winding temperature

(f) With physical input and gradient
constraint power loss

Figure 4.3: Performance test 1

As can be seen in the figures above, the model has issues with the predictions of the
initial part of the test cycle. This is because the training data does not cover the
test data, as seen in figure 4.5. Figure 4.5 - 4.7 shows the range of the training and
testing data, and the area of operation for the winding temperature and power loss.
The small range of the training data set also causes a significant difference in the
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amplitude of the power estimation.

(a) No physics winding temperature (b) No physics power loss

(c) With physical input winding tem-
perature (d) With physical input power loss

(e) With physical input and gradient
constraint winding temperature

(f) With physical input and gradient
constraint power loss

Figure 4.4: Performance test 2

From the second performance test, it can be noted that the temperature gradient
constraint has a negligible effect on the oscillations of the system. Since there is a
more extensive range of data in this case, the network predicts the amplitude of the
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power loss more accurately. At 43 minutes, there is a significant difference in the
temperature, which is caused by the limited range of the training data set, which
can be seen in figure 4.6. The same reasoning applies to the power loss estimations.
In this case, most of the test data is within the range of the training data, which is
why the network is faster at learning the system’s dynamics and needs fewer epochs
to do so.

Figure 4.5: Scatter plot of training and testing data for performance test 1

Figure 4.6: Scatter plot of training and testing data for performance test 2

4.1.2.2 Lower amount of available data

Since there is less data in this case, the normalization will be different due to the
difference in standard deviations. The training and test data can be seen in figure
4.7, and it can be concluded that a more significant part of the test set is within the
range of the training set. This analysis indicates that the network should be able to
predict the correct output.
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Figure 4.7: Scatter plot of Training and testing data

The tables below show that the PINN performs much better than the regular data-
driven network. Similarly to the first performance test, there is a slight difference
between the network with physics and the one with physics and a gradient constraint.
From figure 4.8, it is more evident that the gradient constraint is dampening the
oscillations of the signal. This result indicates that the PINN outperforms the
regular neural network with less data.

Table 4.5: Result for performance test with less training data

Less data performance test Without Physics With Physics With Physics and
Gradient Constraint

Epochs 20 18 85
MAE Power Loss 0.546 0.097 0.095
MAE Winding
Temperature 0.452 0.222 0.278

RMSE Power Loss 0.693 0.187 0.130
RMSE Winding
Temperature 0.540 0.302 0.356

Time to train 2 min 2 min 15 min 20 s
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(a) No physics winding temperature (b) No physics power loss

(c) With physical input winding tem-
perature (d) With physical input power loss

(e) With physical input and gradient
constraint winding temperature

(f) With physical input and gradient
constraint power loss

Figure 4.8: Less data performance test

4.2 Pre-Calculations of the system
The results below are the pre-calculated values based on the physical equations for
the winding temperature and the power loss for chapter 3.1.1. The Forward Euler
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estimation and power loss calculation are not a perfect representation of the system.
However, it provides the neural network with crucial information and increases its
performance.

Figure 4.9: Simulated- and Calculated results for TW inding

Figure 4.10: Simulated- and Calculated results for Power loss

4.3 Nerve

4.3.1 First training
The results are produced with 4.6 million data points for each signal in the dataset.
As shown in figure 4.11 on a broad scale, the model has the ability, in simpler cases,
to predict the correct output with an error margin. However, for more complex cases,
figure 4.11a and 4.11d, the model has difficulties learning the system’s behavior. The
limited amount of data is likely the cause of this. The power loss is related directly
to the amount of current in the thermal model, the voltage over it, and the coolant
temperature input, which makes the thermal power losses more straightforward to
predict than the winding temperature. This can be seen in figure 4.14, where the
model has difficulties predicting the Winding temperature in all cases. In case 4.12a,
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the model seems to be predicting the output relatively accurately since the difference
in prediction is around 3 degrees C. However, to have a better prediction, more data
is needed.

(a) Power Loss for random slice 1 (b) Power Loss for random slice 2

(c) Power Loss for random slice 3 (d) Power Loss for random slice 4

(e) Power Loss for random slice 5 (f) Power Loss for random slice 6

Figure 4.11: First Training with Nerve Framework - Power Loss
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(a) Winding temperature random
slice 1

(b) Winding temperature random
slice 2

(c) Winding temperature random
slice 3

(d) Winding temperature random
slice 4

(e) Winding temperature random
slice 5

(f) Winding temperature random
slice 6

Figure 4.12: First Training with Nerve Framework - Winding Temperature

4.3.2 Second training
This time the amount of data was increased to 5.6 million data points. The results
presented are similar to the first test. However, with a slight increase in performance,
since the model has more data to train on. Furthermore, in the best cases presented,
the prediction is almost identical to the actual value, which indicates that the ar-
tificial neural network model has the potential to be used as a data-driven model.
However, more testing is required to ensure this.
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(a) Power Loss for random slice 1 (b) Power Loss for random slice 2

(c) Power Loss for random slice 3 (d) Power Loss for random slice 4

(e) Power Loss for random slice 5 (f) Power Loss for random slice 6

Figure 4.13: Second Training with Nerve Framework - Power Loss
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(a) Winding temperature random
slice 1

(b) Winding temperature random
slice 2

(c) Winding temperature random
slice 3

(d) Winding temperature random
slice 4

(e) Winding temperature random
slice 5

(f) Winding temperature random
slice 6

Figure 4.14: Second Training with Nerve Framework - Winding Temperature
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The concept of PINN is where Maziar Raissi [6] is one of the pioneers within the
area and one of the most cited. With this being one of the first articles discussing
this subject, there are some limitations in the published research. What can be
addressed is the application versus proof of concept models available for PINNs,
with very few applications. However, in the future, this method could potentially
eliminate current methods such as FEM analysis.

In Volvo’s case, incorporating PINNs is a satisfactory solution since field test data
could be used. This is because that data is quite scarce and not very precise. How-
ever, this is the advantage of PINN since the data can be limited using governing
equations, gradient constraints, and initial conditions, and the network will still suf-
fice. However, the time aspect has to be kept in mind; due to the limited literature
and knowledge in this area, waiting for the literature to increase could be more
beneficial.

In the case of Volvo, AI technology is an excellent way to digitally build virtual
components to conduct simulations for different use cases. However, there are al-
ways risks. To ensure that a model is capable of generating accurate predictions,
it is essential that the data utilized for training be of adequate quality and possess
sufficient generalizability.

One advantage of using AI models for driveline components is that they can be
trained on new data as the new data comes in from test rigs or test vehicles. This
will generally increase the model’s accuracy since it will be trained on new scenarios
and driver behaviors. However, continuously training the model is out of the scope
of this thesis, but with further integration of AI for Volvo, this possibility arises.

5.1 PINN

5.1.1 Performance tests and results
From the results in the graphs in Chapter 4, it is clear to conclude that with physics
integrated into the network, the accuracy increases. The difference in training time
for using gradient constraints and not is negligible. The slight difference in per-
formance with and without gradient constraints can be because the tuning of the
physical weight parameter or the network effectively learns the dynamics of the ther-

43



5. Discussion

mal model, and the condition is unnecessary.

For the case with fewer data, the results show that the physics significantly af-
fects the performance, and the gradient constraint has a noticeable impact on the
oscillations of the system. For the case of using field test data which is scarce, the
results indicate that when incorporating physics, the network will probably be able
to predict the desired output more effectively than without the physics.

It is impossible to say if the hyperparameters that are selected are optimal for
this network since a lot of tuning is required and that takes quite an amount of
time. However, that is outside the scope of this investigation. It seems from the
results that it is clear that the PINN is outperforming the regular RNN. One cause
for this is that the network has more information to train on and that the weighting
process will find more correlations faster. However, the results may have differed if
the network had been trained on more data. In this case, when not utilizing the
physical knowledge, the regular RNN started to overfit the training data, which is an
undesirable result since the network won’t be able to accurately predict the output
of the test data.

It is stated that the LSTM and GRU can remember past inputs more efficiently
than the regular RNN. Although on the cost of increased memory and training. It
is important to analyze the system that the neural network is trying to replicate,
as it may not necessarily need to remember inputs from several time steps ago, but
only those closest to it. For the thermal model, this is the case where the temper-
ature does not necessarily depend on what the temperature was one or two hours
ago, but rather what it was five to ten minutes ago. So it is not needed to have a
long time memory. This can be observed where the GRU outperforms the LSTM.
Where the GRU is not as good at handling long-time dependencies, but due to its
simpler architecture has a faster computational time.

5.1.2 Development
The development time was quite short when the aspect of the lacking experience
in AI development is considered. The advantage of creating a completely new AI
model is that it is possible to customize it to the problem that is supposed to be
solved during development. In comparison to Nerve, it is possible to change which
type of neural network is utilized, which gives the method of creating a new frame-
work more abilities to customize the networks for specific tasks, for example, other
thermal models or other components in the drive line. However, this comes with
the cost of time and acquiring the necessary knowledge to create the framework.

When it comes to modeling neural networks, there is a lot of trial and error, and
this research was no exception. There are a lot of network structures and types that
can be tested. It was found from many tests that, in this case, a wider network
performed better than a deeper one. The solver that was used during testing was
changed multiple times; solvers like Adam, SGD, and AdamW were tested, and it
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was found that AdamW was the best-performing solver for this kind of task. How-
ever, there are many more solvers, and another could easily be better at solving
these types of tasks, but a limit has to be drawn somewhere.

5.1.3 Other approaches
From the results of performance test 1, one conclusion that can be drawn is that
the Neural Network has issues with the initial value of the test cycle. This could be
because the first value is multiple deviations from the mean, while the majority of
other values are closer to the mean value, or the test cycle not being represented by
the training data set. One method to solve this issue could instead be to predict the
rate of change in temperature. In this way, the network should be able to predict
how the network temperature changes from one sample to another and could, based
on inputs, predict an array of temperature changes. With that array, the winding
temperature can be calculated by adding the initial temperature to the first index
and then summarizing the changes. This was tested in the project, but without
success, due to the sensitivity of the accuracy regarding the power loss predictions.
One possible solution to this issue more tuning of the hyperparameters and acquiring
more data to train on.

5.1.4 Optimal Solution
It is almost impossible to conclude if a network is an optimal solution. However,
in this case, where the goal is to prove the concept of physically informed neural
networks for drive line components, a network that can provide good enough results
are considered successful. Depending on the different MDS, a new network with
other hyperparameters may have to be created due to the differences in the motors
and the available operating ranges. Another conclusion that can be drawn is that
the training time increases when implementing physics into the network. This can
lead to unnecessary computation time if more data is acquired and the implemen-
tation of physics is unnecessary. As can be seen in the results, the time to train is
increased by a factor of 3.5 in the first- and 2 in the second performance test. In
the case with fewer data points to train on, it takes the same time to train with
the physics and 7.5 times as long time with physics and gradient constraints. The
gradient constraint is only implemented on the winding temperature gradient, where
the effects of those physics may not be the most effective. However, as seen in the
figures, the oscillations are dampened, which is a desired behavior.

Weighted values were tested in order to find an optimal solution. However, weight-
ing the values beforehand is a new hyperparameter requiring tuning. Some testing
found that when it increased performance for winding temperature, the accuracy of
the power loss decreased. More tuning could be required for this to be an acceptable
method of acquiring the optimal solution.
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5.2 Data Sensitivity

As can be seen in the results the NN is really sensitive to a limited amount of data
if physics is not incorporated into the network. An ideal case would be to train a
network on the entire operating range and get it to train on more cycles for a longer
duration, this will make new test sets have a higher probability of being within the
operating range of the network. From the results in section 4.1.2.1, it can be seen
that if the test data set is out of range from the training set, the predicted results
may be limited, as can be seen in figure 4.4e and 4.4f. This is something that has to
be investigated further if a more accurate model should be created, ensure that the
data that is being used to train the network contains all the realistic operating points.

Data sensitivity is a problem affecting NNs in general. With noisy and scarce data,
the network may catch unwanted behaviors and see that as a dynamic of the mod-
eled system. However, a PINN can handle those issues if the amount of data is low.
The PINN should enable better models when using other types of sources of data,
like rig tests or data collected from field test vehicles.

5.3 Reduced order Modeling

AI can be used to start reducing the order of the current model within the drive
line. The model that is created by the script is compatible with Simulink, which
also gives it an upper hand over the Nerve framework. More components could be
modeled in the same network as long as the data is available. However, in that case,
it is much easier to build a completely data-driven model instead of implementing
physics, both from a development- and training aspect. In the future, if the Nerve
framework models become compatible with Simulink, it would be a feasible approach
to initiate ROM. This can effectively reduce the calculation time for each simula-
tion, and allow for the representation of real components using data from diverse
tests, including rig tests. However, creating a solely data-driven model would result
in longer training time when attempting to represent multiple components within a
single network.

Issues could emerge from only using data-driven models, extensive models where
many components are integrated, and the main one is that it is nearly impossible
to interpret the model since it will be a black box model. This means that the
physical knowledge will be limited, and the work done to the current virtual drive
line will go to waste. If PINNs were used instead, all information is not would not
be lost. However, some adjustments will be necessary in the modeling process, and
a considerable amount of tuning work needs to be done. In this investigation, much
time was spent tuning the network to get satisfactory results; if more components
were modeled in the same network, that tuning needs to be more precise to ensure
accurate results.
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5.4 Nerve
The testing of Nerve was mainly done to compare the development time of creating
a new framework versus using an already defined one. The development time was
much faster, and generating results and evaluating network performance was easy.
However, as can be seen in the results for the testing of Nerve, there are some issues
with parts of the cycles and some outstanding results for other parts. Since the
Nerve networks were trained on 4.6 - 5.6 million data points and had worse perfor-
mance than the results from the created PINN, the network needs some physical
input or more data to generate accurate outputs. The PINN was trained on fewer
data points and performed better, showing that a purely data-driven model is not
always the best way to reduce the order of the components within the drive line.

One problem with the Nerve framework is that currently, it is not possible to test the
model created for an entire drive cycle, the test is instead generated from random
batches within the data set. Where 80 % is training data and 10 % is validation and
test data. This may create some problems with the reset between each cycle and
the network may try to catch this behavior and that could generate the oscillations
that can be seen in the predictions made.

5.5 Future Work
The current data consists of one-hour-long drive cycles, meaning each cycle has the
same length. Future work should include testing longer cycles (more data) and
training on cycles with different amounts of data points. Currently, the program is
compatible with data where the batch size can be a factor of the drive cycle length,
and if the drive cycles have different lengths, the batch size parameter can be diffi-
cult to tune.

Other types of physical constraints can be added to this problem, which could in-
crease the model’s accuracy. Knowing which constraints are helpful is challenging,
so testing is required to see what constraints help and which makes the network
perform worse than without constraints. In this paper, a gradient constraint was
put on the winding temperature. It was determined that since the power loss is so
closely connected with the current, voltage, torque, and speed, there was no need
for further physical implementation. However, some constraints can be put on the
power loss that will increase the prediction accuracy.

As previously stated, finding the optimal parameters for this application requires
extensive tuning and testing of the network. While some tuning and testing have
been conducted in this thesis, a more comprehensive process on all hyperparameters
is necessary to achieve the optimal network. And not just the traditional hyper-
parameters like the number of neurons or learning rate, but also hyperparameters
in the physics implementations. For example how big the calculated input should
influence the result related to the actual input.
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Testing with vehicle data and rig data could further prove the advantages of us-
ing PINNs for dynamic problem-solving. When doing this, filtering the data is
required to a greater extent than using GSP data, which barely has any noise or
errors. One first step here is to try with data from the MDS rig and when GSP drive
cycles are fed to that rig since that data will be the most "clean" and as close as you
get to reality when training the network. The program should already be compati-
ble with this type of data. It is a matter of acquiring, filtering, and cutting it to size.

In the case of Volvo the Nerve framework is a clear way forward when building
and evaluating data-driven models. While the development of Nerve requires in-
depth knowledge of machine learning and transformers, users do not require such
knowledge. As a result, building and evaluating models is highly efficient, paving
the way for more data-driven components in the virtual drive line.

This thesis focuses on analyzing the thermal model of an electric motor, which
is considered one of the most intricate parts to model. Further investigation is re-
quired to determine if Physical Informed Neural Network models are compatible
with other components of the motor. A hybrid solution could be explored by com-
bining previous physical models with PINN models to create a more comprehensive
model of the entire motor.

5.6 Ethics
This investigation’s most crucial part of ethics is connected to the data collection.
If field test vehicle data is collected, the integrity of the driver of that vehicle must
be protected so that the driver can not be connected with the data that has been
generated. Obtaining the driver’s consent is crucial as they must be informed about
the data being collected and its intended use.

5.7 Sustainability
One aim of this project was to decrease the computational time of simulating elec-
tric drive lines, thus decreasing the power usage of the computer performing the
simulations. If more of the now physics-based models can be turned into reliable
data-driven models, the energy consummation of the simulations could be decreased.
However, looking at the whole process of creating these data-driven models is essen-
tial. It requires much computational power for training and storing data. So from
an energy-saving point of view, the amount of times new models are created impacts
the result.

Another aim of this project was to make the model more accessible and more usable
with fewer resources. This could open the possibility of having a digital twin in
the vehicle, which could continuously simulate the vehicle’s life span. The driver
can make informed decisions that positively impact the vehicle and its surroundings
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by providing relevant information. This includes determining the optimal battery
charge time and identifying potential issues requiring attention.

Further, this project aims to create more accurate models. More accurate models
will, in turn, create more efficient electric drive systems that will utilize its resources
better.
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For this thesis, a Physically Informed Neural Network was developed to predict the
output of the current thermal model in the virtual drive line. The network under-
went testing both with and without physics and gradient constraints. The results
indicate that the physics-informed neural network outperforms the regular GRU
network. Previous studies have shown that PINNs have the potential to outperform
normal NNs, particularly when there is limited available data. This has also been
demonstrated in this case. The development time for a PINN is heavily limited to
the amount of physical knowledge about the evaluated component and the available
data. In order to create the perfect PINN, much time has to be put into tuning the
hyperparameters. The created PINN is performing well, estimating both the wind-
ing temperature and the power loss with high accuracy and outputting predictions
with a realistic shape. From the best-performing PINN, the results show an increase
in training time by a factor of two but a reduction in MAE losses of 80 % and 53 %
for power loss and winding temperature, respectively, compared with a regular GRU.

Based on the results of this investigation, it has been demonstrated that a PINN
can serve as a thermal model. However, more tuning is needed in order to get more
accurate estimations. The tests have also revealed that PINNs outperform purely
data-driven models, indicating that they could be an effective approach for Volvo,
facilitating fast simulation times with acceptable accuracy. Nonetheless, additional
testing with more data and diverse gradient constraints must confirm that PINNs
are the way forward for virtual simulations.

After evaluating the Nerve framework, it has been found to possess great poten-
tial. However, it may face some difficulties in predicting temperature with limited
data. To work effectively with this framework, gathering a significant amount of
data before initiating the modeling process is crucial.
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