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Machine-Learning Based Virtual Sensor for Thermal Management

Sky Sunsaksawat, Albert Adén
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract

Battery Electric Vehicles (BEVs) are increasingly prominent in the transition toward
sustainable transportation. However, they face challenges compared to internal
combustion engine vehicles, including range anxiety, the relatively shorter technical
lifetime of their battery cells, and the risk of thermal runaway. A critical component
in addressing these issues is the thermal management system (TMS), which relies on
accurate real-time measurements or estimations of coolant pressure and flow. Due
to cost and space constraints, the number of physical sensors in the TMS is limited,
and alternative methods for providing these key performance indicators (KPIs) must
be explored. This thesis investigates the development of a machine learning (ML)-
based virtual sensor to predict the KPIs using data from steady-state simulations
of a digital twin modeled in GT-SUITE.

Five traditional ML algorithms and three artificial neural network (ANN) archi-
tectures were developed and evaluated based on accuracy, storage size, and, ulti-
mately, inference time, to meet the computational constraints of vehicle control units
(VCUs). The dataset, derived from GT-SUITE simulations, was preprocessed and
split into training, validation, and test sets. Hyperparameter tuning was conducted
to optimize model performance, and multiple architectures were explored, including
models specifically designed to handle pressure and flow targets separately. To facil-
itate deployment in embedded systems, the final selected model was converted into
automotive hardware-optimized C code for integration and testing in a simulated
software-in-the-loop environment.

Among the models evaluated, ANN-based approaches showed strong performance
in predicting the KPIs of the TMS. The multilayer perceptron (MLP) model, in
particular, offered the best trade-off between accuracy, simplicity, and integration
feasibility, making it suitable for embedded implementation.

The results demonstrate that ML models can effectively function as virtual sensors
in TMS, offering a viable alternative where physical sensors are not feasible. ML-
based sensing shows strong potential for VCU implementation, with the selected
MLP model exhibiting characteristics favourable for successful integration into a
BEV. The thesis also highlights ethical considerations, emphasizing the importance
of model transparency and accountability in safety-critical automotive systems.

Keywords: Battery electric vehicle, Thermal management system, Artificial intelli-
gence, Machine learning, Virtual sensor, Coolant flow, Coolant pressure.
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1

Introduction

1.1 Background

In recent years, driven by the global energy transition, Battery Electric Vehicles
(BEVs) have experienced a steady rise in sales [1]. Despite this growth, BEVs still
face significant challenges compared to traditional internal combustion engine (ICE)
vehicles. Key issues include range anxiety, the relatively shorter technical lifespan
of their batteries compared to the durability of ICE systems, and the critical need
to prevent thermal runaway in the batteries [2]. A crucial component in addressing
these challenges is the vehicle’s thermal management system (TMS), which serves
as a common denominator in mitigating these issues.

TMSs have become increasingly complex, incorporating circuits that can be con-
nected or disconnected in various configurations depending on the operational mode,
such as cooling, heating, or heat-pumping from different sources, as well as the oper-
ating temperatures [3]. To control such a system, accurate measurements or estima-
tions of key performance indicators (KPIs) are crucial. The KPIs of a liquid-cooled
TMS are values of pressure and flow rates of the coolant through the circuit. Physi-
cal sensors are used within a TMS to provide these, but due to space constraints and
costs, their presence is limited. To address this, alternative methods are employed
to provide these measurements in real-time.

Methods like 3D Computational Fluid Dynamics can calculate KPIs but are too
computationally intensive to simulate an entire TMS across its many operating
scenarios [4]. One approach the industry adopts is to reduce the dimensionality of
simulations and develop digital twins.

Currently, Volvo Cars uses a 1D model developed in the commercial software GT-
SUITE [5] to simulate the system’s responses, serving as a digital twin for their TMS.
However, since this model is built using commercial software, seamlessly integrating
its outputs into the vehicle’s onboard systems is challenging. To address this, one
can map system configurations to the corresponding measured values from a digital
twin, a physical test rig or real test data from a BEV. The BEV then utilizes this
mapping in real time to assist controllers in taking action. However, the current
mapping approach is complex and requires several components and steps. Therefore,
Volvo Cars would benefit from an entirely data-driven model capable of generating
this mapping in a single step. Leveraging machine learning (ML) offers an effective
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solution for producing this mapping. The model should be developed using open-
source software to enable seamless integration into the vehicle’s systems and should
be capable of being trained using data from a digital twin, a physical test rig, or
real-world test data from a BEV.

1.2 Machine Learning for Thermal Management

ML has significantly evolved and grown in recent years [6], gaining widespread pop-
ularity for predicting and optimizing physical systems [7]. A major driver of this
growth is the increasing adoption of artificial neural networks (ANN) [8]. ANN, a
branch of ML inspired by the human brain, functions by mapping inputs to outputs.
Through iterative adjustments, the network learns to perform specific tasks [9]. This
method is known for its ability to capture complex and non-linear relationships.

Miari and Ali (2023) [10] reviewed ML algorithms for battery temperature predic-
tion and thermal management. Their research suggests that no single machine-
learning technique is universally optimal for predicting battery temperature and
managing thermal conditions. Various factors, including dataset quality, feature di-
mensionality, training algorithms, and other parameters, significantly impact model
performance. Furthermore, deep learning techniques outperform traditional ML
algorithms, such as linear regression and support vector regression.

1.3 Aim and Purpose

This project aims to explore the use of ML as a method for modelling a BEV’s
TMS by developing a computationally efficient model capable of predicting system
responses for Volvo Cars’ TMS. This model will be designed to accurately predict
the system’s KPIs, including the pressure and flow of the coolant, under steady-state
conditions. The purpose of the model is to serve as a virtual sensor in areas where
physical sensors are absent within the BEV’s TMS.

To ensure the project’s objectives are successfully met, the model will be evaluated
using several metrics, including accuracy, inference time, and storage size. The
specific goals for each metric cannot be disclosed due to confidentiality. However, it
can be stated that the accuracy goal is hybrid, depending on particular cases. There
is a strict target for inference time, and storage space should be minimized while
still meeting the other objectives.

1.4 Limitations

The model will be based solely on steady-state simulations of the TMS, where steady
state refers to a condition where a process or variable remains constant over time
[11]. Additionally, the model will only predict the pressure and flow of the coolant.

Since TMS simulations are computationally intensive, the available data is limited,
and the project’s timespan will constrain the generation of new simulation data.
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However, the existing data has been deemed sufficient for the scope and objectives
of the project.

Another limitation is the available space in the Vehicle Control Unit (VCU). The
ultimate goal of the project is to implement the model within the vehicle, specifically
in the VCU, where storage and computational resources are highly constrained.

1.5 Ethical aspects

An essential ethical consideration when utilizing ML is ensuring the transparency
and explainability of a model’s outputs. For this project, it is crucial to understand
and explain why a model predicts a specific value for a KPI.

In the automotive industry, transparency in the TMS is crucial, as the TMS is closely
tied to the vehicle’s safety. Many flow and pressure requirements for components are
established based on safety concerns. However, some of the ML models explored in
this project are based on ANNs, which function as black boxes and are notoriously
difficult to interpret. Despite their high accuracy, determining the explanation for
a specific prediction can often be complex.

Another concern is accountability in systems utilizing ML. As ML-driven systems
become more common, it becomes increasingly complex to determine responsibility
in the event of system failures. For instance, if an ML-based thermal management
model incorrectly predicts the battery’s cooling requirements, increasing the risk of
thermal runaway, it is unclear who should be held accountable.

While ML has the potential to offer advantages in TMS’s software, it is crucial to be
aware of the ethical concerns associated with it. Building trust in ML-driven deci-
sions among engineers and end-users is vital for the safe and responsible deployment
of these technologies.
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Theory: Thermal Management

The performance, safety, and efficiency of BEVs depend on effective thermal man-
agement, as their more complex TMS require active control to maintain optimal
operating temperatures. The chapter begins with an overview of GT-SUITE, the
simulation tool used in this project to generate data. It continues with a description
of key TMS components and their interactions. A simplified, generic TMS schematic
is also presented to provide context for the system behavior that the ML model later
aims to predict.

2.1 GT-SUITE

GT-SUITE is a multi-physics simulation software developed by GAMMA Technolo-
gies, enabling system-level simulations. It is widely used in the automotive industry
for modelling and analyzing TMS. It allows the design and evaluation of complex
TMSs by providing advanced tools for simulating coolant flow and pressure, heat
transfer, and energy distribution throughout a vehicle. With its ability to model in-
teractions between various thermal subsystems, GT-SUITE is particularly valuable
for investigating how thermal performance in BEVs can be optimized [12].

In addition to simulation, GT-SUITE can be used to create a digital twin of a
physical system. A digital twin is a virtual representation of a real-world system
that mirrors its behaviour in real time or under simulated conditions [13]. This
enables engineers to evaluate system performance, test design changes, and diagnose
issues without requiring direct physical interaction.

2.2 Thermal Management System

Exploring the application of ML models for modelling a vehicle’s TMS requires
a comprehensive understanding of the dynamics of the TMS. This is essential for
accurately interpreting model outputs and verifying their reliability. A TMS in
a vehicle is responsible for regulating the temperature of critical components [14].
Several types of TMS exist, including liquid-cooled, air-cooled, and phase-change
material-based systems. In the remainder of this report, only a liquid-cooled TMS
will be considered. In its simplest form, it operates by circulating a fluid referred
to as coolant through hoses and heat exchangers to cool and heat the system’s
components. In basic setups, a single pump may control the flow and pressure
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of the coolant. TMS designs for BEVs are more advanced. They can regulate
temperatures by adjusting configurations to achieve different operating modes, and
they also include heating capabilities. The following section provides an overview
of a generic liquid-cooled TMS and its most essential components. However, the
specific TMS used in this project and by Volvo Cars cannot be disclosed due to
confidentiality constraints.

2.2.1 Importance of Thermal Management in BEVs

There is a significant difference between TMSs in BEVs and ICE vehicles. Since BEV
drivetrains are far more energy-efficient, they generate less waste heat, necessitating
active heating to maintain optimal performance. While this might seem like a minor
inconvenience, it has a significant impact on the range of the BEV. One of the reasons
for this impact is the energy required to heat and cool the cabin compartment. In
this context, the cabin compartment refers to the area that houses the driver and
passengers of the vehicle. This underscores the need for an efficient TMS, which
relies on principles such as recovering waste heat from sources within the system
and utilizing heat pumping technologies between compartments in the vehicle [15].
Furthermore, the components of a BEV have relatively narrow and different optimal
operating temperature ranges. As shown in Figure 2.1, these ranges are depicted
for several key components of a BEV, and also compared to an ICE.

Temperature Ranges for Vehicle Components
250

220

200

150

[
%
o

130

Temperature (C)

=
o
o

50 40

- [
18 20 20 25
0
Cabin Battery Electric Motor Power Electronics IC Engine

Figure 2.1: Optimal operating temperature ranges for critical components in a
BEV compared to the engine of an ICE vehicle [16].

2.2.2 Thermal Loops in BEV Thermal Management

The different operating conditions explained in the section above further contribute
to the intricacy of the TMS and introduce the concept of multiple thermal loops.
The thermal requirements of the cabin compartment differ significantly from those
of components such as the electric motor. For instance, if the cabin reached the same

6
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temperatures as the electric motor during driving, it would be highly uncomfortable
for the driver and passengers. These differing conditions result in specific cooling
and heating requirements. One way to address this is by introducing additional
thermal loops. A thermal loop, in this context, refers to a system of interconnected
components that is regulated within a specified temperature range. Currently, sev-
eral solutions exist, but it is common to divide the BEVs TMS into three distinct
loops: one for the cabin compartment, one for the battery, and one for the electric
drivetrain (ED) [17]. Another solution is to use just two loops, as Tesla did in their
TMS for the Model Y [18]. By introducing more loops, the option to exchange heat
between them becomes possible. A simple example is the heat exchange between
the cabin compartment loop and the ED loop when the cabin requires heating.

2.2.3 Generic TMS of a BEV

Figure 2.2 shows a schematic representation of a simple, generic TMS for a BEV.
This is not the actual system examined in this project, but rather a simplified
version for showcasing purposes. Note that this example only addresses the thermal
management of the battery and ED; thus, the cabin compartment is not included.
Moreover, it assumes that the battery and the ED are managed within a single
thermal loop, which is impractical in reality due to their differing heating and cooling
requirements. This example includes components such as the battery, pump, valve,
radiator, chiller, and heater, all of which are interconnected by hoses that circulate
the coolant. A brief description of each component and its role in the TMS is

provided below.
( Chiller Heater
L ] [ ]
Radiator X Valve Battery \

Pump

ED
-

Figure 2.2: Thermal loop of a simple generic liquid TMS. Red indicates heat
sources within the circuit, while blue represents heat sinks. The green arrow shows
the coolant flow direction, while black lines represent the hoses connecting the
various components.
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Coolant
This is a specialized fluid designed for efficient heat transfer. It flows through hoses
that interconnect all components in the TMS.

Pump

The pump circulates the coolant through the TMS, ensuring a continuous and con-
trolled flow to optimize thermal performance. However, this comes at the cost of
additional energy required to operate the pump. It operates at a certain pump speed
ranging from 0 to 100%, which is controlled.

Valve

A valve directs coolant flow based on system demands, essentially controlling whether
coolant is routed to specific components requiring temperature regulation. In the
example shown, the valve can be used to bypass the radiator when necessary. Valves
can be either adjustable, allowing for partial opening and closing, or fixed to operate
in a fully open or fully closed state, which can be controlled.

Battery

The battery refers to the vehicle’s battery pack, which consists of multiple battery
modules, each containing individual battery cells. These cells convert chemical en-
ergy from active materials into electrical energy through redox reactions [19]. The
battery pack also incorporates a heat exchange mechanism that facilitates thermal
regulation between the battery cells and the coolant [14]. While various methods ex-
ist for achieving this heat exchange, the specific approach used is of less relevance to
this project. The key takeaway from the battery block is that coolant flows through
the battery pack, allowing for the temperature regulation of the battery cells. Since
the battery generates heat during both charging and discharging, it functions as a
heat source within the circuit.

Electric Drivetrain

Comprises the key components responsible for the vehicle’s propulsion [20]. While
the battery pack can be considered part of the ED, in this example, it is treated as
a separate block. Similar to the battery block, the ED block generates heat due to
losses within its respective components and is therefore treated as a heat source in
the circuit.

Radiator
A radiator’s primary function is to dissipate heat from the coolant into the surround-
ing air, acting as a passive heat sink.

Chiller
The Chiller, just like the radiator, dissipates heat from the system. However, unlike
the radiator, the chiller is actively controlled, allowing it to be turned on and off at
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various power levels. It functions as an active heat sink.

Heater
The heater works similarly to the chiller but instead provides heat to the loop, acting
as an active heat source.

This example features just one loop, one pump, and one valve; however, a real-world
TMS for a BEV typically incorporates multiple loops, pumps, and valves. To give
the reader an idea of the number of configurations such a system can take, consider
this simple example: assuming the pump speed can be adjusted in 25% increments
and the valve is either fully open or fully closed (disregarding partially open states),
the system would have eight possible operating configurations. To include even more
configurations, the temperature of the coolant can also be varied, which is the case
in reality.
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Theory: Machine Learning

ML provides powerful tools for modelling complex, nonlinear systems where tradi-
tional methods may fall short. In the context of this project, ML is explored as
a means to model the system responses of a TMS in a BEV, serving as a virtual
sensor in the absence of physical sensors. This chapter introduces the theoretical
background necessary to understand and apply ML in this context. It begins with
core concepts such as the bias-variance tradeoff and proceeds to present both tradi-
tional ML algorithms and ANNs. Emphasis is placed on the aspects most relevant
to the project, specifically those affecting the goals of accuracy, storage space, and
inference time.

3.1 Bias-Variance Tradeoff

In ML, an important phenomenon to consider is the bias-variance tradeoff. When
training an ML model, it learns from one dataset and should then generalize ef-
fectively to unseen data. Constructing a model that achieves this requires careful
consideration of the bias-variance tradeoff. In this context, bias should not be con-
fused with the bias term in a neuron of an ANN, which will be explained later. Here,
bias refers to a model’s inability to accurately capture the underlying relationship
between its inputs and outputs. A model with high bias fails to capture this rela-
tionship effectively and is commonly referred to as an underfit model. An example
of this would be applying a linear model to try to predict something nonlinear.

On the other hand, variance refers to a model’s inability to generalize to different
datasets. A model that performs well on the training data but significantly worse
on unseen data has high variance; this is known as an overfit model. For example,
this can occur when a complex, nonlinear model is applied to a problem that is
inherently linear. In such cases, the model may attempt to learn patterns that it
assumes represent the underlying relationship; however, these patterns can be noise
in the data. A well-fitting model is one with low bias and low variance, but since
these are often opposing factors, achieving the right balance is crucial [21].

3.2 Traditional Machine Learning

Traditional ML algorithms, such as linear regression, decision trees, and Support
Vector Regression, provide powerful tools for capturing relationships while offering
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interpretable insights. This section provides an overview of the traditional ML
algorithms explored in this project.

3.2.1 Linear Regression

A linear regression model is the most common statistical concept for relating a set
of two or more variables [22]. The objective of linear regression is to find a multiple
linear model that involves a linear combination of the input variables, as shown in
the equation 3.1.

Y(x, W) = wo + wixq + waTs + -+ + wpxp (3.1)

where x = (21, ..., zp)T is the vector of the input variables. wy, ..., wp are parameters
of the model, which determine the properties of the fitted line. The parameter wy
accounts for any fixed offset in the data and is often referred to as the bias parameter.

3.2.2 Polynomial Regression

Polynomial regression (PR) is an extension of linear regression that models the
relationship between independent variables and the target variable using an n-th
degree polynomial [23]. While linear regression fits a straight line to the data, PR
introduces higher-order terms to capture non-linear relationships. This can be seen
in equation 3.2.

y(x, W) = wy + wx + wer + - - + wpa® (3.2)

3.2.3 k-Nearest Neighbour Regression

This algorithm stores all available data points and uses a similarity measure to
predict values. It makes predictions by identifying the k£ nearest data points to a
given input and averaging their target values. The prediction is based on feature
similarity, which reflects how closely the test data resembles other training examples.
There are two approaches for k-nearest neighbour (kNN) regression. The first is
by computing the average of the target of the k-nearest neighbours. The second
approach involves calculating an inverse distance-weighted average [24].

3.2.4 Support Vector Regression

Support vector regression (SVR) is an algorithm for regression analysis. Unlike
other regression methods, it aims to find a continuous-valued function that models
the relationship between the input variables and a continuous target variable while
minimizing the prediction error, as long as the predictions fall within a certain
margin of tolerance, called epsilon (¢). Imagine, the value of € determines the width
of the tube around the predicted line, SVR tries to find the narrowest tube while
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keeping most of the data points inside it. The continuous-valued function can be
written as in equation 3.3.

y(x,w) =w'x +b (3.3)

To keep the model flat and straightforward, while handling cases where data points
fall outside the epsilon margin, slack variables £ and =z} are introduced to account
for these latter cases. These variables enable the model to tolerate a few outliers
that fall outside the margin. The optimization problem can be obtained in equation
3.4.

1 al .
min 5[l +C Y (6+ ) (34)
i=1
subject to
Yy —wWix; —b<e+& i=1,...,N
wixi+b—y <e+§& 1=1,...,N
§,6 >0 i=1,....,N

where C' is a parameter that balances the trade-off between the model’s flatness
(minimizing ||[w|[?) and the tolerance for the points outside the e-radius tube. N
denotes the number of data points [25]. This constrained quadratic optimization
problem can be solved by using the Lagrangian method.

3.2.5 Decision Tree Regressor

A decision tree regressor is a non-parametric algorithm used for predicting con-
tinuous values. It features a hierarchical tree structure consisting of a root node,
branches, internal nodes, and leaf nodes. The algorithm begins by initializing a root
node that represents the entire dataset. The tree is then built by splitting the data
into smaller groups, choosing the best split one step at a time using a greedy ap-
proach [26]. This splitting continues recursively until the stopping criteria, such as
maximum depth or minimum samples per leaf, are met. Predictions are calculated
by averaging the target values in the leaf nodes.

3.2.6 Random Forest Regressor

Random Forest (RF) is an algorithm utilizing an ensemble of decision trees to make
predictions [27]. It works by creating a forest of decision trees from random subsets of
the training data using the bootstrapping technique, also known as bagging, shown
in Figure 3.1. Each tree makes its prediction, then the model aggregates these
outputs to generate a final result. With this approach, Random forests are robust
against overfitting and have improved prediction accuracy compared to individual
decision trees.
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Figure 3.1: Illustration of Random Forest

3.2.7 Gradient Boosting Regressor

Gradient Boosting is an ensemble ML method that combines multiple decision trees.
Unlike RFs, Gradient Boosting trains trees sequentially, with each new tree correct-
ing the errors of the previous ones, known as the boosting technique, which is shown
in Figure 3.2. The final prediction is the sum of outputs from all trees, scaled by
the learning rate and the initial prediction [28].
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Figure 3.2: Hlustration of Gradient Boosting
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3.3 Artificial Neural Network

ANNSs offer a powerful approach to modeling complex, nonlinear relationships. Un-
like traditional regression models, an ANN can capture more complex dependencies,
making it suitable for predictions in dynamic environments [29]. A common type
of ANN is the feedforward neural network, also known as a Multi-layer perceptron
(MLP). MLP networks are widely used in various applications, leveraging a tech-
nique called backpropagation for training to optimize model performance [30]. Tts
key components consist of an input layer, n hidden layers with varying numbers of
interconnected neurons, an output layer, and activation functions. In Figure 3.3,
the architecture of a general ANN can be seen.

Hidden layer 1 Hidden layer n

Input layer Output layer
> Hy — Hy T
_—> Il 01 —>
5 Hyp H,» 9
> L 0, —
Hyz Hy3
Ii \ S E Ol >
Hy ———— Hy /

Figure 3.3: Architecture of an ANN. The input nodes are labelled as I to I;.
Neurons in the hidden layers are represented by H,,, where x indicates the hidden
layer index and y denotes the neurons position within that layer. The output
nodes are labelled as O; to O;.

The input layer serves as the entry point for data into the network. The number and
type of inputs depend on the specific problem at hand. Types of inputs can vary,
ranging from continuous numerical data to categorical variables, as well as images,
text, or audio signals. Each input node corresponds to a distinct attribute relevant
to the given problem, often referred to as a feature. Following the input layer are
the network’s hidden layers, which contain the components commonly referred to
as neurons. The purpose of hidden layers is to introduce non-linearity to the model.
Suppose the architecture shown in Figure 3.3 has three input nodes and two hidden
layers with three neurons each; in that case, a representation of the neuron labelled
H11 can be seen in Figure 3.4.
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Figure 3.4: Hllustration of neuron Hy;, with reference to the weight notation wg-).
The subscript 77 indicates a connection from neuron ¢ in the previous layer to
neuron j in the current layer, while the superscript (1) denotes the layer index. For
example, wﬁ) represents the weight from input neuron 1 to hidden neuron 1 in
layer 1. The same applies to the bias term bgl), where the subscript 1 refers to
hidden neuron 1 and the superscript (1) indicates that it belongs to the first

hidden layer.

A neuron is the fundamental building block of an ANN. It receives one or more inputs,
computes their weighted sum, and applies an activation function to transform this
sum and produce an output. This output is then passed on to subsequent neurons
in the next layer or to an output node.

The weighted sum is calculated by assigning a unique weight to each input, which
determines the input’s influence on the neuron’s output. Additionally, a neuron
includes a bias term, which allows the output to be shifted independently of the
input values. This bias ensures the model can better fit data, especially when the
input values are zero or close to zero. The weighted sum of neuron H11 can be seen
in equation 3.5.

The weights assigned to each input, along with the bias of a given neuron, are the
parameters that an ANN learns during training. The training process is visualized
in Figure 3.5.
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Figure 3.5: Hlustration of the learning process with backpropagation to update
weights and biases

The process involves adjusting the parameters for all neurons in the network to
minimize the error between the network’s predictions and the actual target values.
This error is often referred to as the loss and is computed using a loss function. This
loss is then used in backpropagation to update weights and biases [31]. The role
of an activation function and the loss function will be described in the upcoming
sections.

3.4 Hyperparameters of ANNs

With the brief description above of how an ANN learns, one might get the impression
that it is a universal and simple solution capable of solving all problems. However,
this is not the case. Referring back to Figure 3.3, some questions arise: How does one
determine the appropriate number of neurons? The number of hidden layers? ANNs
are versatile and capable of modelling complex dependencies, but they come with a
notable drawback, they require careful tuning of several parameters that significantly
impact the model’s performance. These parameters are known as hyperparameters.
The following subsections will introduce the most relevant hyperparameters for this
project. And finally, explain how the most optimal ones can be determined.

3.4.1 Number of Hidden Layers

The number of hidden layers is a crucial hyperparameter of an ANN. As described in
the previous section, the purpose of a hidden layer is to introduce non-linearity. In
practice, it is the activation function present in the hidden layer that achieves this,
but more hidden layers result in more activation functions. The introduction of non-
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linearity allows a model to learn complex dependencies and thus solve complex tasks.
This means that an increase in the number of hidden layers leads to an increase in
the ability to learn complex patterns and increases the accuracy [32]. However,
increasing the number of hidden layers increases the total size of the network. This
affects both the storage space and the inference time.

3.4.2 Hidden Size

The hidden size refers to the number of neurons within a hidden layer. It is important
to note that each hidden layer can have a unique hidden size. This parameter has a
similar effect on the network as the number of hidden layers. Increasing the hidden
size enhances the network’s ability to extract more information from the inputs.
This, in turn, can improve accuracy. However, similar to increasing the number of
hidden layers, this also increases the network’s size.

3.4.3 Activation Functions

Activation functions are mathematical operations applied to the weighted sum of a
neuron or an output neuron. They are mostly used in hidden layers to introduce non-
linearity, enabling the learning of complex dependencies. Without the activation
function, an ANN functions as a linear model, limiting its capabilities. Different
activation functions transform the output in various ways. The choice of activation
function significantly affects network accuracy, convergence, and generalization to
unseen data, making it a critical aspect of designing an ANN [33]. This section will
give an overview of the activation functions investigated in this project.

3.4.3.1 Rectified Linear Unit

The Rectified Linear Unit (ReLU) is often considered the state-of-the-art activation
function in deep neural networks due to its simplicity and computational efficiency.
The function is defined as equation 3.6. It transforms all negative values to zero,
while leaving all positive values unchanged.

ReLU(x) = max(0, z) (3.6)

The main drawback of ReLLU is the dying neuron problem. This occurs when a
neuron’s weighted sum of inputs repeatedly results in a negative value, causing the
neuron to output zero before the ReLLU activation function is applied. Consequently,
the neuron becomes inactive and stops contributing to the learning process, prevent-
ing the model from improving through that neuron [33].

3.4.3.2 Leaky ReLu

Leaky ReLU is a variation of ReLU designed to mitigate the dying neuron problem.
The function can be seen in equation 3.7. Instead of mapping all negative values
to zero, it introduces a parameter «, typically a small positive value, that defines a
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slight negative slope for inputs below zero. This ensures that neurons with negative
inputs can still contribute to the learning process.

z ifx>0

3.7
ar ifz<0 (37)

Leaky ReLU(x) = {

This variation of ReLLU retains the computational efficiency advantage while also
addressing the dying neuron problem. However, this comes at the cost of introducing
an additional hyperparameter that requires tuning [33].

3.4.3.3 Sigmoid

The sigmoid function is another popular activation function, known for limiting its
outputs between 0 and 1. This is particularly beneficial in some instances. Another
key characteristic of the sigmoid function is that it is differentiable across its entire
range, which is helpful in learning using gradient-based optimization methods. The
function is shown below in equation 3.8.

B 1
C l4e®

o(x) (3.8)
While the sigmoid function offers certain advantages over other activation functions,
it also has notable disadvantages. Due to its exponential operation, sigmoid is less
computationally efficient compared to simpler activation functions. Additionally,
the sigmoid suffers from the vanishing gradient problem. When the input is a large
positive or a large negative value, the functions output curve flattens, producing
a gradient close to zero. This diminishes the effectiveness of gradient updates and
hinders the learning process [34].

3.4.3.4 The Sigmoid Linear Unit

The Sigmoid Linear Unit (SiLU), also known as the swish function, is a smooth,
non-monotonic activation function that has shown promising performance in ANN
tasks. Unlike ReLLU, which is piecewise linear, SiLU provides a smooth transition
and avoids hard zero cutoffs. The SiLU activation combines the input with its
sigmoid transformation, as shown in equation 3.9.

SiLU(z) =z -0(x) = x - . +1€_m (3.9)

One of the main advantages of SiLU is its ability to retain small negative values,
which can improve the flow of information during training compared to ReLLU, which
discards all negative values. SiLLU is also differentiable everywhere and avoids abrupt
changes, which can benefit gradient-based optimization. However, like the sigmoid
function, SiLLU is computationally more expensive than simpler functions due to the
exponential operation [34].
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3.4.3.5 Hyperbolic Tangent

Moving on, an activation function with similar characteristics to the sigmoid function
is the Hyperbolic Tangent (tanh), described in Equation 3.10. The output range
of tanh is limited between -1 and 1, which is known as being zero-centred, one of
its key benefits. This property is advantageous because when the output is centred
around zero, it does not bias the network toward positive or negative gradients. This
balance yields faster convergence, stabilizing the learning process and improving
training efficiency [33].

tanh(z) = % (3.10)
et + e *

Just like the sigmoid function, tanh suffers from the vanishing gradient problem and
reduced computational efficiency.

3.4.3.6 Linear

A linear activation function maps the input to a linear combination of the input and
a constant a, which is most often set to 1. Equation 3.11 showcases the function.

f(z) =ax (3.11)

While a network consisting solely of linear activation functions can only learn linear
relationships, linear activation functions still have their place in an ANN for regres-
sion tasks. In a regression task, the goal is to predict a continuous value without
restricting the output range, and a linear activation function in the output layer
effectively serves this purpose [35].

3.4.4 Loss Functions

A loss function measures how well a model’s predictions align with the truth during
training. There are several types of loss functions with different areas of application.
The choice of loss function depends on the characteristics of the data and the par-
ticular task at hand. It compares the predicted values with the actual values and
returns a value, known as the loss, that reflects the model’s performance. The objec-
tive during training is to minimize this loss. The model alters its parameters based
on the loss from the previous iteration, emphasizing the importance of choosing a
suitable loss function. Monitoring the loss throughout the training process provides
insight into how effectively the model is learning the specified task [36]. Below are
some commonly used loss functions for regression problems presented.

e Mean Absolute Error
Mean Absolute Error (MAE) is a tool to measure the average absolute differ-
ence between the target value and the predicted value. MAE treats all errors
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equally, which makes it less sensitive to outliers.
1 & R
MAE = =3 |y; = il (3.12)
i=1

where n represents the number of data points, y; is the target value, and g¢; is
the predicted value.

Mean Squared Error

Mean Squared Error (MSE) measures the average of the squared discrepancies
between the target value and the predicted value. Unlike MAE, MSE does not
treat all errors equally. By squaring the errors, MSE places greater emphasis
on larger errors, making it more sensitive to outliers.

1 .
MSE = =3 (y; — i)’ (3.13)

=1

Huber Loss

Huber Loss is a combination of MAE and MSE that is less sensitive to outliers
while still maintaining good performance for minor errors. It integrates a
threshold parameter, §, that determines the point at which the loss transitions
from quadratic to linear. It is important to note that this introduces an
additional hyperparameter to tune.

(yi — 9i)? for |y; — ;| <6

3.14
(i — 3l = 18) for ys — 34| > 0 (3-14)

1
L(y,9) = 2
(y,7) { 5
where ¢ is the threshold.

Robust Loss

The robust loss function is defined as a single function, unlike the Huber loss
which combines two functions based on a threshold. It provides a smoother
transition without conditions. Its partial derivative with respect to the residual
is inspired by the sigmoid function [37]. The final form of the Robust loss
function is defined as

9 i 9
L(y,9) = (yi — i) + — log(1 + W9y — Z g 2 (3.15)
w w

where w is a weighting factor. The %logZ term is added to ensure that the
loss function evaluates to zero when y is equal to 3

3.4.5 Performance Metrics

Performance metrics serve a similar purpose to loss functions but are used after
training is complete. They are metrics, often mathematical functions, that measure
how well the model performs on unseen data. Below are some standard performance
metrics that can be applied to regression problems. Metrics such as MAE and MSE,
which were previously introduced, can also be used as performance metrics.
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« Root Mean Squared Error (RMSE)
Root Mean Squared Error (RMSE) measures the average difference between
the target value and the predicted value, but it gives more weight to larger
errors due to the squaring of differences. This makes RMSE more sensitive to
outliers, and a lower RMSE indicates a better model fit.

RMSE = J - zn: (i — 0:)° (3.16)

« R-Squared (R?)
RS, also called the coefficient of determination, measures how well the model
explains the variation in the target variable. It indicates the proportion of the
variance in the target that is captured by the model, with values closer to 1
showing a better fit. However, a higher RS doesnt always mean the model is
perfect or the best predictor. In short, RS indicates how much of the data’s
variation is explained by the model compared to guessing the average value.

n

RZ—1_ i (yi — 9:)°

—iZI(yi — ) (3.17)

where y represents the mean of the target values.

While mathematical performance metrics are essential for evaluating model perfor-
mance, they do not always provide a complete picture. Their interpretation can be
challenging, as the significance of their findings is highly dependent on the type and
scale of the predicted data. For instance, an MAE of 1 may be considered either ac-
ceptable or unacceptable depending on the context. Consider a case where a model
predicts pressure in [KPa] and flow in [L/s], and only a single prediction is being
evaluated. An MAE of 1 for pressure could be seen as a small and acceptable error,
whereas an MAE of 1 for flow may represent a much more significant deviation. To
compensate for this, one can utilise non-mathematical performance metrics that are
directly related and applicable to the problem at hand.

3.4.6 Additional Hyperparameters

Apart from the hyperparameters described above, several others were examined in
this project. However, since these primarily affect the learning process rather than
the network architecture, they are not discussed in detail.

3.4.7 Finding Optimal Hyperparameters

With the most critical hyperparameters explained, the next step is to understand
how to find the optimal combinations. As previously discussed, hyperparameters
influence model performance in different ways. As an example, selecting a specific

22



3. Theory: Machine Learning

activation function may improve accuracy but could negatively impact computa-
tional efficiency. Since many hyperparameter choices involve trade-offs, identifying
the most optimal combination is a challenging task.

There are several approaches to hyperparameter tuning, and one of the most basic
is simple trial and error. A more structured version of this method is known as
grid search. In this approach, a predefined set of possible values is specified for
each hyperparameter, and the model is trained and evaluated for every combination
of these values. Although computationally intensive, grid search offers a systematic
way to explore the hyperparameter space and is particularly effective when the search
space is relatively small or constrained. The objective is to identify the combination
of parameters that yields the best performance on a validation dataset [38]. The
purpose of a validation dataset will be explained in the upcoming section.

It is essential to note, however, that the best-performing hyperparameter set in a
grid search is determined solely by prediction accuracy on a specific dataset. As a
result, a configuration that performs only slightly worse in terms of accuracy may
be disregarded, even if it could be more optimal in a specific deployment scenario,
such as one with strict storage or computational efficiency constraints.

3.5 Data Splitting

In ML, it is standard practice to divide the available dataset into separate subsets to
ensure that the model is appropriately trained and evaluated. This process typically
involves splitting the data into a training set and a test set, enabling the model to be
evaluated on data it has not encountered during training. For ANNs, an additional
split is often performed to create a validation set.

As a result, a three-way split is commonly employed when training ANNs, consist-
ing of a training set, a validation set, and a test set. The training set is used to
fit the model, the validation set is used to tune hyperparameters, evaluate model
performance during training, and alter weights and biases, and the test set offers an
objective measure of the models performance on unseen data [39].

The proportions used for each subset can vary depending on the size of the dataset.
However, a commonly used percentage split is 80/20 when no validation set is re-
quired, and 80/10/10 when a validation set is included. Ultimately, the choice of
split depends on the total amount of data available, with larger datasets, a smaller
percentage of data may be sufficient for validation and testing without compromising
reliability.

3.6 Feature Scaling

This is a technique used to standardize a range of variables, often by transforming
them to have a mean of 0 and a standard deviation of 1 [40]. This process, also known
as standardization, is an essential step in data preprocessing for ML algorithms [41].
Feature scaling, as the name suggests, is often applied to the features, in other
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words, the inputs to an ML model. This ensures that all inputs have a similar
range, thereby impacting the model with a similar magnitude. The principle of
feature scaling can also be applied to the model’s outputs. Similarly, the range of
inputs can vary, as can the outputs, making this approach applicable to both sets
of parameters. Standard feature scaling can be computed using equation 3.18.

T o (3.18)
ag

where p is the mean of the training samples and o is the standard deviation of the
training samples [42].

3.7 Correlation Matrix

A correlation matrix is a table that represents the correlation coefficients between
variables. The indices of each cell illustrate the correlation between two variables in
the table.

3.7.1 The Pearson Correlation Coefficient

The Pearson correlation coefficient (PCC) is commonly used to measure the linear
relationship between two datasets. It is calculated by dividing the covariance of the
two variables by the product of their standard deviations [43]. Let r,, be the Pear-
son’s correlation coefficient, (x1,41), ..., (Tn, ¥n) is the given paired data including of
n pairs. Such that r,, is defined as equation 3.19

_ yn@—Bwm—9)
VI (2 — )2 /S0 (5 — §)?2

(3.19)

Tzy

where n is a sample size, z;,y; are the individual data points with index i-th, and z
and y are the mean of x and y variable respectively [44]. As a result, the PCC value
ranges between -1 and 1, where -1 indicates a perfect negative linear correlation,
1 indicates a perfect positive linear correlation, and 0 means no linear correlation.
Figure A.1 in the Appendix illustrates the Pearson correlation for various data
distributions, including both linear and nonlinear relationships.

3.7.2 Heatmap

A heatmap is a two-dimensional data visualization technique in which color intensity
typically represents the magnitude of data points [45]. There are two main types of
heatmaps: spatial and grid-based. The former is usually overlaid on a map, while the
latter displays magnitudes as colors in a two-dimensional matrix. In data science,
data scientists and analysts use grid heatmaps to visualize relationships between
data points when analyzing datasets.
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3.8 One Hot Encoding

One-hot encoding is a method that converts categorical data into numerical data.
It creates new columns for each category, where 1 indicates the presence of that
category, and 0O indicates its absence. In regression analysis, this is known as a
dummy variable [46].

The benefit of one-hot encoding is that an ML model can process the category
information of the input, thereby improving model performance. In addition, it
could help eliminate the ordinality problem, which arises when categorical data has
an inherent order that could mislead the model if represented numerically. However,
it increases the dataset’s dimensionality as new columns are generated, leading to
higher computational costs and increased model complexity [47].
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Methodology

The methodology involved conducting a examination of GT-SUITE and the digital
twin on which the ML model was to be based. Using the insights gained, a literature
review was conducted to explore relevant ML algorithms. This was followed by data
exploration and preprocessing, which provided the foundation for developing ML
models. Then, the models’ performance was validated and evaluated to assess their
effectiveness and compare them. As a final step, a method for converting the chosen
model into automotive hardware-optimized C code was developed.

4.1 GT-SUITE Analysis

The initial step was to study GT-SUITE in general, with a particular focus on
the digital twin that would serve as the basis for the model. The purpose of this
step was to gain an understanding of the software’s capabilities and the methods
for extracting relevant data from the simulation. Simulations were conducted to
understand the system’s physics, limitations, and the structure of the generated
data. Emphasis was also placed on understanding the critical configurations of
the digital twin to identify these configurations when evaluating the proposed ML
model. While a digital twin can model systems with relative accuracy, it still has
its limitations.

4.1.1 GT-SUITE Digital Twin

Due to confidentiality, the actual digital twin of Volvo Cars cannot be disclosed.
However, the same generic TMS presented in the Theory chapter is used as an
illustration of how the digital twin might look and is shown in Figure 4.1. Also
included in the schematic are measuring points for the pressure and flow of two
specific components: the pressure before and after the battery pack and the coolant
flow through the radiator.
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Figure 4.1: Generic TMS. The purple sensors indicate pressure measurement, and
the green sensor measures flow.

The simulations conducted in this project are considered adiabatic, meaning no heat
is transferred into or out of the system, which results in all components and the
coolant maintaining a constant temperature. If this was the TMS, and a simulation
was to be conducted on this system, a single simulation would consist of inputs
corresponding to the system’s configuration and outputs being the measuring points.
As briefly mentioned in the Theory chapter, a configuration of this system would
include a specific valve setting, pump speed, and a coolant temperature. This results
in three inputs and three outputs for this particular simulation. Once the inputs
are set and the measuring points are determined, the simulation is run until the
measured parameters are considered to have converged, indicating that the system
has reached a steady state.

With a clear understanding of the system, its dynamics, and the outputs, the next
step involved translating this into an ML problem. The models outputs were defined
as the selected KPIs at a specific point or component within the TMS based on a
given system configuration. The actual TMS consists of 6 inputs with varying data
types and 21 outputs of different characters. The outputs are multiple continuous
numerical values, and in ML terms, this is identified as a multi-output regression
problem.

4.1.2 Literature Review

A literature review was conducted to assess relevant ML methods. This review pro-
vided a foundation for selecting appropriate algorithms and techniques. Emphasis
was put on methods capable of multi-output regression. Both traditional regressive
ML algorithms and ANNs were researched to identify the most suitable models for
this project. The findings of the literature review were presented in the chapter on
ML theory.
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4.2 Exploration of Data

As previously mentioned, the TMS consists of 6 inputs and 21 outputs. The simula-
tions conducted on the digital twin thus yielded a dataset composed of 17,600 rows
and 27 columns, containing both numerical and categorical values. The columns
represent the system’s inputs, along with the resulting pressure and coolant flow at
specific points throughout the circuit. The rows correspond to unique input configu-
rations and their associated outputs, meaning that an ML model would have 17,600
different scenarios available for training and testing. In ML, inputs and outputs
are commonly referred to as features and targets. From here on, the inputs will be
referred to as features, and the outputs as targets.

4.2.1 Data Distribution

While generating the dataset from simulations, the feature variables were ensured
to be uniformly distributed. This is important because uniform distribution helps
avoid bias, ensures consistent model performance across the entire range of input
values, and improves the model’s ability to generalize to new, unseen data. Seen in
Figure 4.2 is the distribution of the target variables.
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Figure 4.2: Distribution of normalized target variables

What can be observed here is that the target variables are more diverse than the
feature variables. This suggests that the targets can result in a broader range of
outcomes depending on the input features. Another notable observation is the high
concentration of data points within specific bins.
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4.2.2 Correlation Analysis

A correlation analysis aids in understanding correlations between variables and helps
identify relationships, potential multicollinearity, and feature importance. A corre-
lation matrix computed using PCC of the features can be seen in Figure 4.3.
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Figure 4.3: Correlation coefficient matrix of the features

What can be noted is a weak correlation among most feature variables, except for a
strong correlation between Feature 1 and Feature 2. The reason for this correlation
cannot be disclosed, as it would reveal insights into the system. However, it can be
stated that the observed correlation is solely based on chance. It does not imply
a correlation between these variables. This suggests that multicollinearity is not a
major concern with these features. However, feature engineering will play a crucial
role in mitigating potential redundancy and improving model performance for the
correlated features. The results of the correlational analysis between the feature and
target variables are presented in Figure 4.4.
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Figure 4.4: Correlation coefficient matrix of the features and targets
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From this, we can see that several feature variables, such as Feature 4 and Feature
b, exhibit strong positive correlations with certain target variables, indicating that
increases in these feature values are associated with increases in the target values.
In the meantime, specific feature-target pairs, such as Feature 3 and Target 7, ex-

hibit strong negative correlations, implying that the higher values of these features
correspond to lower target values.
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4.3 Data Preprocessing and Preparation

To create an effective model, a crucial step is data preprocessing. Since the model
is strictly data-driven, its performance is entirely dependent on the quality of the
input data [48]. The preprocessing steps undertaken include several key measures
to improve data quality and ensure consistency, the actions taken was guided by the
findings from the data exploration.

4.3.1 Preprocessing

Functions were developed to execute the actions stated below. These preprocessing
steps were essential to ensure the dataset’s reliability and suitability for building an
accurate and robust ML model.

e One Hot Encoding:
The categorical feature data were converted into a binary numerical format to
enable efficient processing by the model.

« Removal of Negative Flows:
In cases of small flows and those with a value of zero, GT-SUITE may occa-
sionally return a small negative flow. Data entries with negative flow values
were identified and removed to prevent unrealistic values from influencing the
model.

« Removal of Small Flows:
Flows below a defined threshold were excluded. This threshold was set at 1e™3
as values below this were deemed to be essentially zero.

e Unit Conversion:
The units of certain variables were adjusted to ensure consistency in measure-
ment units for systems against which the model will be compared.

« Renaming of Features and Targets:
Column names were revised to improve clarity and ease of use for future ref-
erence.

4.3.2 Splitting and Scaling of Data

Next, the data was split into a training set and a test set, ensuring the model would
be evaluated on unseen data. Two different splits were performed, as the ANN
requires a subset of the training set as a validation set. For the ANN models, a
three-way split was employed, comprising a training set, a validation set, and a test
set. An 80/10/10 split was chosen for the ANNs. For the traditional ML models, a
standard 80/20 split was used. Cross-validation was also performed on the training
set to ensure model robustness and prevent overfitting by evaluating performance
across different folds of the training set.

During the split, the data was randomly shuffled to reduce the bias of specific cases.
After splitting, the data was scaled using StandardScaler. To maintain consistent
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scaling throughout the training, validation, and testing phases, the scaler was fitted
on the training set and then applied to the validation and test sets. This was done to
prevent data leakage, ensuring that no information from the training set was leaked
to the validation or test set, thus keeping this data unseen by the model.

4.4 Model Development

The next phase involved developing the ML models. This included designing model
architectures and tuning parameters and hyperparameters to optimize performance.
Both traditional ML models, such as linear regression, and artificial neural networks
(ANNSs), were explored. Insights from the literature review and the outcomes of data
preprocessing guided the model selection.

4.4.1 Traditional Machine Learning models

The problem to be solved is a multi-output regression task, meaning that a single
set of input features, in this case, a configuration of the TMS, should produce all
21 KPIs as targets. As a general principle in ML, one should avoid unnecessarily
overcomplicating the solution. Therefore, simpler and more interpretable traditional
ML models capable of multi-output regression were applied first.

Using the Python library Scikit-learn, models were created for each of the following
methods: linear regression, PR with varying degrees, kNN, SVR, decision tree, ran-
dom forest, and gradient boosting. Scikit-learns GridSearchCV was applied to all
models with tunable parameters, that is, all except linear regression, to identify the
most suitable parameters for this problem. Since Scikit-learn’s standard classes for
ML models do not provide direct insight into the training process, a custom function
was developed to generate learning curves for each of the 21 KPIs. This function
systematically trains the models on progressively larger portions of the dataset, in-
crementally increasing the dataset size, and evaluates performance at each step. The
resulting curves are visualized to allow examination of the training process, helping
to identify whether the model is underfitting or overfitting. Furthermore, it provides
insight into which KPIs the model struggles to learn and which it learns effectively.

4.4.2 Artificial Neural Network models

Moving on from traditional ML models, ANNs were explored. The principle of
starting simple also applies here. Initial experimentation involved manually testing
various network architectures using the Python library PyTorch, with results doc-
umented to develop an understanding of what hyperparameters and architectures
seem promising. As with the traditional models, the training process was monitored
and visualized using a custom function. The architecture initially explored was a
standard MLP that simultaneously predicts all 21 KPIs, thereby sharing the input
information across all neurons in the network. This model will be referred to as the
MLP model. Subsequently, other architectures were explored, including an MLP
that partially shares information between neurons up to the output layer, where it
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branches. The outputs for flow and pressure were separated based on the assump-
tion that these targets exhibit significantly different characteristics. This model will
be referred to as the Multi-Task Learning model. A third final model was also de-
veloped, fully separating the two output types: one MLP was designed to predict
only the flows, and a separate, similar MLP was used to predict only the pressures.
The last ANN model will be referred to as the Separated MLP model.

4.4.2.1 Hyperparameter Tuning

After experimenting with initial architectures and gaining insight into what works
and what does not, a function for performing a Grid Search was developed. Since
manually tuning the hyperparameters of a network is time-consuming and prone
to human error, Grid Search was explored as an alternative. A crucial aspect of
this approach is ensuring that the combinations evaluated are both relevant and
computationally manageable, as the method is time-consuming. To address this,
the hidden size was restricted to powers of two. Not only to reduce the number of
possible combinations, but also to align with the fact that the final model is intended
to run on physical hardware that performs calculations in binary.

Additionally, the hidden size was kept uniform across all hidden layers. Based on
insights gained from manual testing and guidance from the literature review, the
relevant hyperparameters and their corresponding value ranges were defined. The
hyperparameters and their combinations are tabulated in Table 4.1.

Table 4.1: Hyperparameters for Grid Search

Hyperparameter Values Description

Learning Rate {le7% 5e73, 1le™®, 5e~*}  Weight update step size
Hidden Layers {2, 3, 4, 5} Number of hidden layers
Hidden Size {32, 64, 128} Neurons per hidden layer

{ReLU, Leaky ReLU,
SiLU, Sigmoid, Tanh}

Activation Function Non-linear function

Loss Function {MSE, MAE, Huber} Model error metric
Optimizer ADAM Optimization algorithm
Batch Size 64 Samples per batch

4.5 Model Validation and Evaluation

The next phase involved validating and evaluating the developed models. Validation
ensured that the model outputs were consistent with the physics, constraints, and
dynamics of the TMS. Furthermore, the evaluation criteria focused on the metrics
outlined in the project’s aim, specifically, accuracy, storage size, and inference time.

4.5.1 Accuracy

To evaluate the model’s accuracy, an automated script was developed to assess sev-
eral performance metrics simultaneously for all targets. It calculates the MAE, MSE,
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RMSE, and R-squared for the trained model on the test set for all 21 targets and
generates a report of these metrics. This provides a clear view of which targets the
model can predict effectively and which ones it struggles with. However, since math-
ematical methods are general and not specific to a particular problem, additional
methods are needed to assess accuracy in the context of a TMS for a BEV.

Therefore, an interactive plot was developed to investigate critical configurations.
The plot is a scatter plot that displays all model predictions on the test set on the
y-axis, with the corresponding ground truth or actual target on the x-axis. The data
points in the plot are color-coded based on a hybrid accuracy function to determine
whether a prediction is satisfactory. The plot is interactive, as hovering over a data
point displays the specific configuration of the test set, along with the prediction
and the ground truth. This allows for an easy and systematic investigation of the
predictions.

4.5.2 Storage Size

Due to the critical role of the VCU, storage size is another important metric. While
the exact numerical goal for storage size is unknown at the time of writing this
report, it can be concluded that it should be minimized as much as possible while
still ensuring that the other metrics remain within acceptable boundaries.

To accurately evaluate the storage size, it would need to be assessed for a model
converted into C code, as this is what would be stored on the VCU. Given the
need to convert multiple models to C and the large number of models tested, it was
decided to evaluate the storage size based on the Python version of the models.

4.5.3 Inference Time

The inference time is a crucial metric due to the constrained environment of the VCU
in a BEV. For the proposed model to be used in the vehicle, it must be faster than
the hardware’s update rate. Since the inference time depends on the hardware used,
testing the model requires it to be physically tested on the actual hardware in the
vehicle. This presents a challenge, as the models are developed in a programming
language that is not compatible with the VCU. To address this, a method was
developed to convert the Python models into C code. Since converting Python code
into production-ready and hardware-optimized C code is a time-consuming process,
this was only performed for the final, best-performing model.

4.5.4 Postprocessing

As the last part of the evaluation process, postprocessing was performed to refine
the results. Since the dataset includes nearly all possible configurations the TMS
could encounter, and the model was trained on data from a digital twin with in-
herent simplifications, some configurations proved difficult or unrealistic to predict.
Configurations previously identified as problematic during the digital twin analysis
were therefore excluded from the final evaluation. This step helps ensure that the
reported performance metrics reflect realistic and meaningful system behavior.
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4.6 Conversion to C Code

To deploy an ML model in an embedded system, such as the VCU of a BEV, one
must ensure it is compatible with the exact hardware in use. In this case, no specific
hardware requirements can be disclosed due to confidentiality, but it can be stated
that the model should be executable in a C code environment. To achieve this, there
are several methods depending on the specific ML algorithm. In the case of this
project, only the technique applied using the final chosen model will be explained.

As the chosen model was constructed using Python’s PyTorch library, it first needed
to be transferred from the Python environment into MATLAB. This was achieved by
saving the trained model using PyTorch’s Just-In-Time tracing functionality. The
model was traced using a representative dummy input and saved as a .pt file. This .pt
file was then imported into MATLAB using the Deep Network Designer app, which
provides functionality for loading and converting PyTorch models into MATLAB'’s
network format. After verifying the imported network structure and parameters,
the model was integrated into a Simulink environment for further processing and
testing.

Using MATLABs Embedded Coder toolbox, the Simulink model containing the
ANN was then configured for C code generation. Embedded Coder produces opti-
mized C code suitable for deployment in embedded environments.

4.7 Integration into TargetLink

Once the ANN was successfully converted to C code using Embedded Coder, the gen-
erated code was integrated into a TargetLink environment. TargetLink, developed
by dSPACE, is used for generating production-level embedded C code directly from
Simulink models [49]. Integrating a model already in C into software used to create
C code may sound a bit strange, but the reason for this is that by incorporating the
C code model into TargetLink, an even more optimized and correctly formatted C
code can be generated. Furthermore, a model integrated into TargetLink can also
be simulated with other software components within the BEV and used to simulate
system responses.

To integrate the code, the output from Embedded Coder was encapsulated in Tar-
getLink via an S-Function interface. The TargetLink model was then configured to
interact with the ML model block, including the mapping of input and output sig-
nals. Validation steps were conducted throughout the integration process to ensure
that the model behaved consistently across its PyTorch, MATLAB, and Simulink
versions. While having a functional model in TargetLink does not fully guarantee
that it would work in practice within the actual BEV, it is the closest possible
validation without explicitly testing it in the vehicle.
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Results

This chapter presents the project’s results. The results are organised as follows:
first, the results of five traditional ML models, PR, kNN, SVR, XGBoost, and RF,
are presented. This is followed by the results of the three ANN models: a standard
MLP model, a Multi-Task Learning model, and a separated MLP model.

For each model, the learning curves are shown to illustrate the training progress.
Subsequently, performance metrics, specifically the MAE, are visualised in appropri-
ate plots. Finally, the predictions are compared against the actual values through
scatter plots. This structure is consistently applied to both traditional ML models
and ANN models. However, fewer results are presented for the traditional ML mod-
els due to reasons that will be explained in the discussion chapter. All results are
based on the same test set of data, and the details of this are tabulated in Table 5.1.
These settings are applied to all models during testing to ensure a fair comparison
between the different methods.

Table 5.1: Experimental setup for model evaluation.

Parameter Value Description

Random seed 40 Fixed seed for reproducibility
Training set size  80% Portion of dataset used for training
Test set size 10% Portion of dataset used for evaluation

Validation set size 10% Portion of dataset used for tuning ANN models

5.1 Traditional Machine Learning Models

This section presents the results of five traditional ML models: 5th-degree PR,
kNN, SVR, XGBoost, and RF Regression. The performance metrics include the
average MAE over all targets and MSE for each model. Additionally, predicted
versus actual value plots are provided for selected target variables to illustrate model
performance further. The learning curves of each model during training are shown
in Appendix A.2.
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5.1.1 Performance Metrics

Tabulated in Table 5.2 are the normalized average MAE over all 21 targets for
predictions generated by five traditional ML algorithms. Among them, the RF
model had the largest size, while XGBoost yielded the lowest MAE, indicating the
best overall performance.

Table 5.2: Normalized average MAE over all 21 targets for traditional ML algorithms:
Polynomial Regression, k-Nearest Neighbor, Support Vector Regression, Random
Forest, and XGBoost

Regression Algorithm MAE Size (kb)
PR (5th degree) 0.003 326 1474
SVR 0.004 999 2279
kNN 0.006 869 3580
XGBoost 0.001 781 32341
RF 0.007520 1149123

Moving on, the normalized MAE for Target 1 and Target 21 is presented in Fig-
ure 5.1. These two targets were selected for illustration due to their particularly
interesting characteristics. The specific reasons for choosing Targets 1 and 21 can-
not be disclosed due to confidentiality. Showing all targets was deemed unnecessary,
as the selected examples sufficiently illustrate the key insights. It can be observed
that kNN exhibits the highest error for Target 1. In contrast, SVR performs poorly
on Target 21, despite achieving a relatively low error for Target 1. Interestingly,
XGBoost is the best predictor for both Target 1 and Target 21.

Normalized MAE for Target 1 Normalized MAE for Target 21
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Figure 5.1: Mean Absolute Error for the Target 1 and Target 21 predictions of 5-th
degree Polynomial Regression, Random Forest, XGBoost, Support Vector Regres-
sion, and k-Nearest Neighbor respectively

5.1.2 Predicted vs Actual Value

In the following section, scatter plots of predicted versus actual values for specific
targets are presented. In the ideal case, the predictions align along a diagonal line
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where the predicted value equals the actual value. Moving to the right in the x-axis
indicates an increase in the numerical value of the actual value, and moving higher
up on the y-axis indicates the same but for the predicted value. The x and y values
have been removed for confidentiality purposes.

The predictions for Targets 1 and 21 are shown across all evaluated traditional ML
algorithms. The two red dotted lines in the figures represent absolute error thresh-
olds. Each data point is color-coded based on its percentage error: red indicates
a high error, which means that the error exceeds the threshold, yellow indicates a
medium error, which is still satisfactory, and green indicates a low error, which is
a satisfactory prediction. A red data point located outside the red dotted lines is
considered unacceptable. However, green or yellow points outside the lines are still
regarded as satisfactory. And a red dot within the limits of the two red dotted lines
can also be considered acceptable. Figure 7?7 displays the predicted versus actual
plots for the 5th-degree PR model.

PR - Target 1 PR - Target 21

Predicted Values
2

Predicted Values

f Error < T1
Error|>T1 Error < T4
Error > T2, if Actual Value < Al, [ Error > T4

®  Error > T3, if Actual Value > Al e Error>T5

Actual Values Actual Values

(a) PR Target 1 (b) PR Target 21

Figure 5.2: Prediction vs actual values for two different targets from the 5th degree
Polynomial Regression

For Target 1, a density of orange dots is observed at low values, with some scattered
points appearing in the mid-value range, indicating moderate prediction errors. In
contrast, the model shows better predictive performance for Target 21, as evidenced
by the presence of green dots only, suggesting fewer and less severe errors. The
prediction vs actual values plot for the SVR model can be seen in Figure 5.3.
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Figure 5.3: Prediction vs actual values for two different targets from the Support
Vector Regression

In the case of Target 1, both medium and high error points are observed, particu-
larly in the lower value range. Similar to the PR model, SVR demonstrates better
predictive performance for Target 21. Moving on, seen in Figure 5.4 are the results

for kNN regression.
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Figure 5.4: Prediction vs actual values for two different targets from the k-Nearest
Neighbors Regression

The prediction results for Target 1 using kNN regression show poor performance,
as numerous high-error points are scattered along the line, particularly in the low-
to-mid-value range. Additionally, medium-error points can be found throughout
the entire range. In contrast, the target 21 predicted with this algorithm has bet-
ter performance. However, it still has a few points that exceed the absolute error
threshold, and the predicted values exhibit a wide range of variation. Figure 5.5
shows the results for the XGBoost model.
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Figure 5.5: Prediction vs actual values for two different targets from the XGBoost
Regression

For Target 1, several medium and high-error points are observed along the diagonal,
with a few exceeding the absolute error threshold. In contrast, the predictions
for Target 21 show no medium or high error points, indicating a more accurate
performance for that target. However, a few points are over the absolute error
threshold. Lastly, the results for the RF model are shown in Figure 5.6.
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Figure 5.6: Prediction vs actual values for two different targets from the Random
Forest Regression

It can be seen that the plot of predicted vs. actual values for Target 1 generated by
RF regression has numerous high error points, particularly in the lower value ranges.
In contrast, medium error points can be observed along the diagonal. The model
demonstrates better performance in predicting Target 21; however, a few points still

exceed the absolute error threshold.
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5.2 Artificial Neural Network Models

In the following section, the results of the three developed ANN models are presented.
First, the learning curves for each model are visualized. Next, violin and bar plots
illustrating the MAE for each target are shown. Finally, predicted versus actual

value plots, using the same visualization approach as for the traditional models, are
included.

5.2.1 Learning Curve

To examine the training process and ensure convergence of the three models, the
learning curves for each model are presented. Seen in Figure 5.7 is the learning
curve for the MLP.
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Figure 5.7: Learning curves for MLP model

From the figure, it can be concluded that early stopping was triggered at 61 epochs.
The loss curve appears relatively smooth, and the training and validation losses
converge to nearly identical values. The R-squared learning curves indicate that the
model struggles during the initial epochs but then progresses steadily. Subsequently,
Figure 5.8 depicts the learning curves for the Multi-Task Learning model.
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Figure 5.8: Learning curves for Multi-Task Learning model

For this model, the learning process remains smooth throughout all epochs. The
training and validation losses converge to nearly identical values, and early stopping
is triggered at 82 epochs. Figure 5.9 illustrates the learning curves for the pressure

targets of the separated model.
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Figure 5.9: Learning curves for pressure targets Separated MLP model

The loss curve for the pressure targets is relatively smooth, but similar struggling
behaviour between epochs 0 and 20, as observed in the MLP model, is also evident
here. Training continues for a total of 87 epochs. Lastly, Figure 5.10 depicts the

learning curves for the pressure targets in the separated model.
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Figure 5.10: Learning curves for flow targets Separated MLP model

Training stops at 70 epochs, and the loss curve remains smooth throughout the
process. However, progress slows noticeably between epochs 10 and 30.

5.2.2 Performance Metrics

In this subsection, the performance metrics for the ANN models are presented in
the form of MAE. First, in Table 5.3, the overall performance metrics for the three
models are tabulated.

Table 5.3: Normalized average MAE over all 21 targets for ANNs: MLP, Multi-Task
Learning, and Separated MLP

Regression Algorithm MAE Size (kb)
MLP 0.003214 41.34
Multi-Task Learning 0.003 638 57.61
Separated MLP 0.003 705 25.42

Furthermore, what will be presented is a violin plot illustrating the distribution of
normalized absolute errors for all test set predictions on Targets 1 to 10 for a specific
ANN model. This is followed by a bar plot showing the mean of these absolute
errors, which represents the MAE. This structure is then repeated for Targets 11 to
21 and all three different ANN models. Figure 5.11 shows the first violin plot of the
distribution of normalized outputs for the MLP model across Targets 1 to 10.
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Figure 5.11: Violin plot of normalized outputs for Targets 1 to 10 for the MLP
model

It can be noted from the figure that Targets 8 and 9 have outliers with higher errors
compared to the other targets. Aside from these two, the error distributions for the
remaining targets fall within a low margin. Figure 5.12 shows the same targets and
the same test set evaluated using the Multi-Task Learning model.
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Figure 5.12: Violin plot of Targets 1 to 10 normalized for the Multi-Task Learning
model

The results are similar overall. However, the worst predictions for almost all targets,
except for Targets 7 and 9, have worsened. Figure 5.13 displays the corresponding
results for the separated MLP model.
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Figure 5.13: Violin plot of Targets 1 to 10 normalized for the separated MLP model

Most notably, the error of the worst prediction for Target 8 has increased. Apart
from this, the results for the remaining targets are relatively similar. To better
visualize the MAE of the evaluated models, Figure 5.14 presents a bar plot of the
MAE for Targets 1 to 10 using the MLP model.
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Figure 5.14: Bar plot of normalized outputs for Targets 1 to 10 for the MLP model.
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Examining this bar plot, it is evident that the MAE for all targets is low and remains
within a narrow range of 0.0034 normalized. The targets with the highest MAE are
Targets 3, 5, and 9. Figure 5.15 presents a bar plot with the same structure, but for
the Multi-Task Learning model.

46



5. Results

Normalized MAE for Targets 1-10

0.0070

0.0060

0.0050

0.0040

0.0030

0.0020

Normalized Mean Absolute Error

0.0010

0.0000 -

Figure 5.15: Bar plot of Targets 1 to 10 normalized Multi-Task Learning MLP

For the Multi-Task Learning model, the results are again very similar to those of
the MLP. The most notable difference is the increase in MAE for Targets 3 and 10.
Figure 5.16 depicts the corresponding bar plot for the separated MLP model.
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Figure 5.16: Bar plot of Targets 1 to 10 normalized separated MLP

For the final model, there is an apparent increase in error for the previously trou-
blesome Targets 3, 5, and 9. The separated model performs noticeably worse in pre-
dicting these targets compared to the other two models. Furthermore, Figure 5.17
visualizes the absolute errors for Targets 11 to 21 using a violin plot.

47



5. Results
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Figure 5.17: Violin plot of normalized absolute errors for Targets 11 to 21 MLP

As seen in this figure, and in contrast to Targets 1 to 10, these targets exhibit a
wider range of absolute errors, with Target 14 yielding the highest error. Still, the
distribution for all targets is centred close to zero. Aside from this, the range and
distribution of predictions for most targets are similar, except for Target 15, which
displays a noticeably flat distribution. Figure 5.18 shows the same plot for the
Multi-Task Learning model.
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Figure 5.18: Violin plot of normalized absolute errors for Targets 11 to 21
Multi-Task Learning model
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This model again produces results similar to those of the MLP, with the key dif-
ference being that Target 14 is replaced by Target 16 as the one with the highest
error. The distributions for all targets appear to be wider, although this is difficult
to assess precisely due to the differing y-axis limits. Figure 5.19 presents the same
targets for the final model.
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Figure 5.19: Violin plot of normalized absolute errors for Targets 11 to 21
separated MLP

For this model, the range of errors is larger, with Targets 14 and 20 exhibiting the
highest values. Subsequently, Figure 5.20 presents a bar plot of the MAE for the
MLP model.
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Figure 5.20: Bar plot of normalized outputs for Targets 11 to 21 MLP

It can be observed that the MAE for Targets 11 to 21 is generally lower than that
for Targets 1 to 10. The range of MAE across these targets is also smaller, at
0.0021. Targets 12 and 16 exhibit the highest MAE within this group. Moving on,
Figure 5.21 presents the bar plot for the next model.
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Figure 5.21: Bar plot of Targets 11 to 21 normalized Multi-Task Learning model

This plot confirms the earlier observation regarding the broader distribution of ab-
solute errors in the Multi-Task Learning model compared to the MLP. In this case,
the MAE is higher for all targets. Figure 5.22 illustrates the corresponding bar plot
for the separated model.

Normalized MAE for Targets 11-21

0.0045

0.0042

0.0040

0.0035

0.0032 0.0032

0.0030

0.0025

0.0020

0.0015

Normalized Mean Absolute Error

0.0010

0.0005

0.0000

Among these targets, the separated model shows slightly improved performance

compared to the Multi-Task Learning model, although it remains worse than the
MLP.

5.2.3 Predicted vs Actual Value

As with the traditional models, only a subset of targets is presented in detail due
to the large number of targets, and in this case, also due to the similarity of many
results. In most cases, the models perform satisfactorily, leaving little to comment
on. To keep the result chapter focused and relevant, four targets with distinct
characteristics have been selected: Targets 1, 5, 12, and 21. Due to confidentiality,
the exact reason behind their selection cannot be disclosed. However, it can be
stated that these targets are both essential and interesting, and they exhibit notable
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differences in performance across the three ANN models. The results of these four
targets are presented model by model, two targets at a time, beginning with the
MLP model and Targets 1 and 5, as illustrated in Figure 5.23. The results for the
rest of the targets for each respective model can be found in Appendix A.3 - A.4.
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Figure 5.23: Prediction vs actual values for two different targets from the MLP
model

The results for Target 1 using the MLP model are all satisfactory. However, for
Target 5, several predictions fall outside both the percentage error threshold and
the absolute error threshold. Notably, the non-satisfactory predictions fall within
the lower range of numerical values. The same plots for the Multi-Task Learning

model are shown in Figure 5.24.

Target 1 Target 5

Predicted Values
\
\x
%
Predicted Values
%
\
%
ﬁ%’

5
Error < T1 Error < T1
F Error > T1 Error > T1
% o Error>T2, if Actual Value < A1, o Error>T2, if Actual Value < A1,
Error > T3, if Actual Value > A1

Error > T3, if Actual Value > AL

Actual Values Actual Values

(a) Multi-Task Learning model Target 1 (b) Multi-Task Learning model Target 5

Figure 5.24: Prediction vs actual values for two different targets from the Multi-Task
Learning model

The Multi-Task Learning model yields results similar to the MLP for Target 1, with
a slight increase in the spread of predictions. This supports the earlier observations
from the violin and bar plots. For Target 5, the results are again comparable; the
issue with underestimating lower numerical values persists but appears to be less
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severe. A broader spread of predictions is also evident in this case. Furthermore,
Figure 5.25 illustrates the results for the separated MLP model.
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Figure 5.25: Prediction vs actual values for two different targets from the separated
MLP

The results for the separated model are again similar to those of the two previous
models. However, the spread is broader for both targets when compared to the MLP,
and the issues with lower values persist for Target 5. Targets 12 and 21 for the MLP

model are shown next in Figure 5.26.
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Figure 5.26: Prediction vs actual values for two different targets from the MLP

model

For Targets 12 and 21 using the MLP model, all predictions are satisfactory. Subse-
quently, the corresponding results for the Multi-Task Learning model are presented

in Figure 5.27.
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Figure 5.27: Prediction vs actual values for two different targets from the Multi-Task

Learning model

Similar to the MLP model, all predictions are satisfactory for both targets. However,
the spread of predictions is noticeably larger. Finally, the results for the same targets
using the separated model are shown in Figure 5.28.
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Figure 5.28: Prediction vs actual values for two different targets from the separated
MLP model

Like the two previous models, the predictions for both targets are satisfactory,
though the distribution of predictions is more scattered than for the standard MLP

model.

5.2.4 Inference Time

As explained in the Methods chapter, accurately measuring the inference time of
the proposed model requires evaluation on the specific hardware intended for use
in the vehicle. Although this was not feasible within the project’s timeframe, a
method for estimating inference time in a simulation environment was developed.
The configuration settings for the simulation conducted in Simulink are presented
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in Table 5.4.

Table 5.4: SIL Simulation Setup in Simulink Environment

Component Description

Simulation Mode Software-in-the-Loop (SIL)
Solver Type Fixed-step / Discrete

Step Size 0.01 s

Code Generation Tool Embedded Coder

Target Language C

Model Interface S-Function Wrapper
Execution Platform x86-64 (Windows64)
Compiler Microsoft Visual C++

The results of the SIL simulation can be seen in Table 5.5.

Table 5.5: Results from SIL Simulation: Inference Time and Memory Usage

Metric Value Unit

Inference Time 0.07 ms
Memory Usage 2.4 KB

The results of the SIL simulation are promising; however, it should be emphasized
that these measurements were obtained from a simulation running on a Windows
machine and do not reflect the actual performance that would be observed when
running on the VCU.
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Discussion

The following chapter presents the results of the various ML models developed during
the project. Both traditional models and artificial neural networks are compared in
terms of predictive performance, model size, and practical feasibility for integration
in a BEV environment. In addition, the final model selection is motivated by these
findings, and the inference time is briefly evaluated to assess the potential for real-
world deployment.

6.1 Traditional Machine Learning Models

The results of the five different traditional ML algorithms consist of PR, SVR, kNN,
RF, and XGBoost across multiple targets. Overall, it can be observed from Table
5.2 that XGBoost achieves the lowest MAE, indicating the best overall performance
among the models, while RF has the largest model size.

PR showed better performance since it can capture more complex patterns. How-
ever, the risk of poor generalization increases with a higher degree. In addition, the
model size of PR is correlated with the degree of the polynomial. SVR achieved
reasonable prediction accuracy, but it is computationally expensive and slower to
train compared to other models, particularly with large datasets. Meanwhile, KNN
has a large model size and poor performance because it lacks generalization and
is sensitive to local variance. RF produced the largest model, as it generated nu-
merous trees to predict target variables using a bagging technique. Although it is
an ensemble learning, it showed high errors in low-value ranges, which may be from
insufficient tree diversity. XGBoost performed robustly, which is due to its ability to
handle non-linear relationships and prevent a model from overfitting with the ability
of regularization, but this comes at the cost of a large model size. The model will
be developed separately to predict each target variable, allowing for the prediction
of multi-output variables.

Even though performance metrics are essential factors in developing a model to
predict KPIs in thermal management, other aspects, including model size and com-
patibility with deployment in the existing environment, are equally important. In
practical settings, it is a challenge to integrate excessively large models into the
systems. Given the substantial size of trained models with low prediction error in
traditional ML, such as RF or XGBoost, direct embedding of the existing system
may not be feasible. This became evident early in the project, which is why the
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results for the traditional models are relatively limited. Most of the development
and evaluation effort was focused on the ANNs.

6.2 Artificial Neural Network models

The results of all three ANN models are overall impressive. They achieve low normal-
ized MAE for the majority of the targets. Although the exact numerical values are
difficult to interpret due to normalization, it is evident that the prediction errors are
minor. This is further supported by the prediction-versus-actual value plots, where
nearly all predictions on the test set fall within acceptable bounds. Before discussing
the presented results, an initial question arises. Is the comparison between the three
models fair?

As the storage sizes of the models differ, a direct comparison of MAE and predic-
tion accuracy may be somewhat imbalanced. As shown in Table 5.3, the Separated
MLP model has a storage size of 25.42 KB, which is smaller than that of the other
two models. While this may initially appear to provide an unfair advantage, it is
essential to note that the Separated MLP model generates predictions using two
independent models. This design may impact inference time negatively in a produc-
tion environment.

Additionally, model size is influenced by selecting hidden sizes based on powers of
two. For example, increasing the number of neurons per layer from 32 to 64 can
significantly increase the total model size. As a result, achieving an exactly fair
comparison of storage requirements across architectures is difficult. With these con-
siderations, the evaluation was deemed to maintain a reasonably fair and consistent
comparison between models.

Moving on to the discussion about the results. While most of the results have been
deemed satisfactory, the violin and bar plots reveal that specific targets appear more
challenging for the models. Specifically, Targets 3, 5, 8, 9, and 16 experience higher
MAE values, suggesting potential difficulties in prediction. But, a closer look at
the prediction vs actual value plots for Targets 9 and 16 (found in the Appendix)
shows that the higher MAE does not necessarily indicate poor performance; the
predictions remain within the defined acceptable limits. While this does not apply
to Targets 3, 5, and 8, the poor performance in these cases can be attributed to
the specific range of actual values in which the inaccurate predictions occur. All of
the non-satisfactory predictions are concentrated at the lower end of the numerical
range, which appears to be more challenging for the models to predict accurately. It
should also be noted that these predictions are considered non-satisfactory primarily
based on the percentage-based color coding, rather than exceeding the absolute error
threshold indicated by the dashed line. One possible explanation for this behavior is
the choice of loss function used during model training. While the exact chosen loss
function cannot be disclosed, this factor most likely contributed to the performance
in the lower value range.

Another vital factor to consider is the range of actual values that the TMS would
experience in a real-world driving cycle. It can be noted that the problematic lower
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end of the range in the test set represents conditions that are rare in a real-world
scenario. While driving, these cases would most likely not appear.

When comparing the three ANN models, the MLP and Multi-Task Learning models
show similar performance, and they both outperform the Separated MLP model
overall. This is interesting, as the development of the Separated MLP model was
based on the hypothesis that the flow and pressure targets have different charac-
teristics and that separating these might yield more accurate results; however, the
results indicate the opposite. An ANN model that predicts both the flow and pres-
sure targets simultaneously appears to perform better. A possible explanation of
this could be the real-world physical relationship between flow and pressure. The in-
terconnections in a fully connected network, such as the MLP, may, to some degree,
capture this relationship, which aids in the predictions. It is also interesting to note
that while the MLP and Multi-Task Learning models perform similarly and well,
each has its respective pros. The MLP has a narrower range of errors for its predic-
tions overall, but the Multi-Task Learning model outperforms it on lower numerical
values.

6.3 Model Selection

When comparing the two categories of ML models, traditional algorithms and ANNs,
it is evident that the ANNs outperform the traditional models for this project. This
is true in both terms of accuracy and storage size, and especially when combining
the two. However, traditional models offer an advantage in that they provide a
certain degree of interpretability. As briefly discussed in the Introduction chapter,
when applying ML models to physical systems, it is beneficial to have transparency
in the decision-making process, particularly in systems such as the TMS of a BEV.

Although ANNSs lack transparency, their superior performance and suitability for
integration into embedded environments offer a significant advantage that cannot
be overlooked. When determining which of the three developed ANN models to
proceed with, the choice ultimately came down to the MLP and the Multi-Task
Learning model. In this case, the MLP model was selected. This decision was
based on its overall narrower spread in predicted versus actual values. While the
Multi-Task Learning model performed slightly better at lower numerical values, the
narrower spread was considered more important. Furthermore, the MLP model has
a much simpler architecture, which makes it more favourable from a reusability and
integration standpoint within Volvo Cars.

6.4 Inference Time

Moving on from the accuracy and storage size metrics, the inference time of the
selected MLP model was also evaluated. The results appear promising. However,
specific performance goals cannot be disclosed due to confidentiality. It should
be emphasized once again that these results are based on a simulation and do not
reflect the actual inference time that would be observed on the VCU. The real-world
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inference time is expected to be longer than the 0.07 ms measured in the simulation;
whether this would be acceptable in a production setting remains undetermined and
needs further assessment.
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Conclusion

This chapter presents the main conclusions drawn from the project and reflects
on the outcome of the developed machine learning-based virtual sensor for thermal
management. It also outlines potential areas for future work that could help improve
and further validate the proposed approach.

7.1 Conclusion

In this project, ML techniques were explored to develop a computationally efficient
model for predicting KPIs of the TMS of a BEV. The problem was formulated as a
multi-output regression task, aiming to predict multiple target variables, including
pressure and flow under steady-state conditions. A total of five traditional ML mod-
els, PR, SVR, kNN, RF, and XGBoost, were evaluated based on prediction accuracy
and model size. Among these, XGBoost provided the best predictive performance
but at the cost of a large model size, making integration into the system less feasible.
RF resulted in an even larger model, which led to similar difficulties in hardware
integration.

In contrast, three ANN models were developed and evaluated: the MLP model, the
Separated MLP model, and the Multi-Task Learning model. All three demonstrated
strong predictive performance with significantly smaller model sizes compared to the
traditional models. The Separated MLP and the Multi-Task Learning model were
developed based on the assumption that pressure and flow have different numerical
and physical characteristics. However, this did not lead to improved performance
compared to the standard MLP. The MLP model was selected due to its narrower
error range and simpler architecture, which makes it more suitable for integration
into the BEV’s embedded systems. While ANN models generally lack the inter-
pretability of traditional approaches, their higher or similar accuracy and smaller
storage size makes them suitable for the purpose as a virtual sensor in a BEV.

The purpose of the model is to serve as a virtual sensor in areas of the BEV where
physical sensors are absent. By accurately predicting KPIs, the model can provide
reliable estimations where needed. This alternative data-driven approach provides a
more flexible, modular, and cost-effective solution for thermal management software
in BEVs.

In addition to the promising accuracy and storage size, the inference time of the
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selected MLP model was also evaluated. The results were satisfactory, with an
inference time of 0.07 ms and a memory usage of 2.4 KB. However, again, it should
be noted that these measurements were obtained in a simulation environment and
may not reflect actual performance on the VCU. Whether the real-world inference
time meets the production requirements remains to be determined.

This project demonstrates the viability of using ML models as virtual sensors, show-
ing that accurate and compact solutions can be developed for integration into embed-
ded automotive systems. The results highlight that ML, particularly ANNs, offers a
promising approach to modelling the TMS in BEVs. The developed models demon-
strate strong predictive performance, confirming the feasibility of ML-based virtual
sensors in future TMS softwares and indicating potential for integration into the
VCU. Overall, this project illustrates how data-driven methods can complement tra-
ditional engineering approaches, paving the way for more efficient and cost-effective
TMS software.

7.2 Future Work

While the results of this project are promising, several areas remain open for further
exploration to improve the performance and applicability of the proposed virtual
sensor model. One important direction is the investigation of custom loss functions
tailored to the specific characteristics of the target variables. In particular, low flow
values have proven more difficult to predict accurately, and a loss function that
emphasizes performance in these regions could improve overall model accuracy and
reliability.

Another key area is the integration of the model within the broader system con-
text. Further work is needed to evaluate how the selected MLP model interacts
with other components in the TMS. Simulating the model in combination with a
controller would allow for assessment of system-level response and control dynamics.
In addition, the model should be tested under realistic operating conditions. Sim-
ulating a dynamic or transient real-world drive cycle. This would help assess the
model’s robustness beyond the steady-state scenarios used in this project.

A critical step toward practical deployment is evaluating the real-time inference time
and storage requirements on actual vehicle hardware. Although simulation results
suggest that the model is efficient, its actual performance on the VCU must be
verified to determine whether it meets the constraints of the embedded environment.
Related to this is the question of training data. In this project, the model was
trained using simulation data generated in GT-SUITE. It would be interesting to
explore how the model performs when trained on real-world measurement data from
a physical TMS test rig. This could offer a more accurate reflection of system
dynamics and further validate the models practicality.

Finally, further tuning of hyperparameters remains a potential area for optimization.
While the chosen model already demonstrate strong performance, achieving the
highest possible accuracy was not the objective of this project. Performing a more
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comprehensive and detailed search could yield additional improvements in accuracy
versus storage size and inference time.

These future investigations will be essential for advancing the model from a proof-
of-concept stage to a fully deployable component within a BEV’s TMS.
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Appendix 1
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Figure A.1: Pearson correlations

A.2 Traditional machine learning algorithms learn-
ing curve

A.2.1 5th degree Polynomial Regression
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Figure A.3: Support Vector regression learning curve
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Figure A.4: kNN regression learning curve

A.2.4 XGboost Regression
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Figure A.5: XGBoost Regression learning curve

A.2.5 Random Forest Regression
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A.3 Prediction vs Actual Value MLP
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Figure A.7: Prediction vs actual for MLP
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A.4 Prediction vs Actual value Multi-Task Learn-
ing MLP
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