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Prediction of Vehicle Component Weights
using Multi-output Regression

An Exploration of Machine Learning Techniques to Perform
Automated Data Harmonisation of Vehicle Component Weights

Elinor Funk
Frida Sjögren
Department of Mathematical Sciences
Chalmers University of Technology

Abstract

With the ongoing digitalisation, many companies are exploring oppor-
tunities to improve operational efficiency through machine learning.
Volvo Cars is part of this trend, and their Weight Management and
Optimization team seeks an automated way of managing data for com-
ponent weights of vehicles. The team performs data harmonisation as
a preliminary step, prior to production, which is currently computed
manually in Excel. This is inefficient and highly time-consuming, how-
ever, machine learning models are believed to facilitate the process.
Hence, this thesis aims to investigate the feasibility of implementing a
machine learning model for automated data harmonisation, in combi-
nation with a pipeline for managing the weight data and calculations.
The problem was formulated as a multi-output regression problem,
and neural network models and ensemble models were deemed ap-
propriate for the purpose. A significant part of this thesis involved
experimenting with different preprocessing techniques and model con-
figurations to find the optimal model performance.
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The results of the experiments indicated that the ensemble models
outperformed the neural network models, where XGBoost was the top
candidate. The best-performing XGBoost model achieved a validation
accuracy of 84% which was promising, however, the test accuracy was
modest, reaching only 22%. This performance was not considered suf-
ficient for the model to be implemented as a part of the final pipeline,
since the effort required for deployment of the tool was believed to
exceed the benefits. Nevertheless, there remains potential to optimise
the model further, and this study can be considered a guideline for
further work within this field. The results do not suggest that the use
of ensemble models for predicting vehicle component weights is un-
suitable, but rather that the optimal way of structuring this problem
was not found.

Keywords: Machine Learning, Multi-Output Prediction, Neural Net-
works, Ensemble Models, XGBoost
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1
Introduction

The Weight Management and Optimization team at Volvo Cars is
responsible for handling a significant amount of data related to the
weight of cars and their components. The team’s tasks include ax-
ial weight distribution calculations and centre of gravity prognosis of
vehicles. Computer-aided design (CAD) data contains relevant infor-
mation required to perform the two tasks. Due to various reasons,
the CAD data does not always hold the correct component weights.
Thus, the CAD dataset needs to be complemented with weights from
the Product Life Cycle Management (PLM) data. However, the PLM
weights are not always accurate either, which is why the PLM data
cannot simply replace the weights from the CAD data, and instead,
careful alignment between the two datasets needs to be performed.

Aligning the weight data, referred to as data harmonisation, is a pro-
cess that requires experience and expertise in vehicle components and
their weights. Currently, the manual data harmonisation process is
time-consuming, reliant on the executor, and inefficiently designed in
Excel. Therefore, the Weight Management and Optimization team
desires a new automated solution. Machine learning algorithms have
been widely applied in the automotive industry to improve efficiency
in, for instance, but not limited to, decision-making, quality control
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1. Introduction

and operational optimisation [1], [2]. Given its extensive success in a
wide range of applications, machine learning models are considered to
be a promising solution to the task.

1.1 Aim

The main goal of this thesis is to develop a machine learning model
for data harmonisation. Furthermore, the aim is to create a tool that
integrates this model to adjust weights, calculate axial weight distri-
bution, and predict the centre of gravity for vehicles. The tool should
also include an interactive interface that displays changes made by the
machine learning model, allowing users to make adjustments.

A machine learning approach to the data harmonisation process in-
volves developing a model that can predict the correct weights by
analysing the original weights and other relevant component infor-
mation from the CAD and PLM datasets. When a new car model
configuration is introduced, the goal is to apply this tool to determine
the correct weights, enabling the calculation of axial weight distribu-
tion and centre of gravity prognosis. New configurations may include
new components, which is one of the key reasons for considering a
machine learning model for weight prediction. A rule-based predic-
tion model would not be able to account for variations or changes in
the data over time, as it relies on a fixed set of predefined rules. In
contrast, a machine learning model can potentially learn from data
and adapt to new patterns or variations, improving its predictions as
it encounters more examples.

Since the data harmonisation has been done manually for many years,
there exists data that can be used to train a machine learning model,
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1. Introduction

that is, raw CAD and PLM data along with corresponding adjusted
weights. In the datasets, components have features such as agile re-
lease train (ART) and function group. The data harmonisation pro-
cess is considered complete when adjustments of weights are made to
ensure that the two datasets align with a maximum difference of 500
grams at the function group level. The model will mimic the adjust-
ments of the training data, and thus, the threshold of 500 grams will
be the goal for the model as well. Once the data harmonisation is per-
formed by the model, the idea is to output the changes for the user,
such that they can be controlled and potentially adjusted afterwards.
Thus, the machine learning model is not aimed to be an independent
solution but rather a supportive aid to reduce engineering hours while
also providing consistency.

1.2 Prior work

This thesis is a first attempt to automate the data harmonisation
process, which has been conducted manually for many years within
the Weight Management and Optimization team. Thus, there is no
previous work within the company regarding this specific area and
application. There is, however, a tool currently used for manual data
harmonisation, computations, and visualisation. This tool holds use-
ful information for the process of developing the automated tool that
this thesis aims to do, specifically regarding the computations and vi-
sualisations. The tool is an Excel file that imports the raw CAD and
PLM files. Further, the tool merges the two datasets on the function
group level and displays the weight difference. Displaying the datasets’
weight differences on the function group level shows the expert which
function groups need weight adjustments of components. The com-
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1. Introduction

putations, that is, the axial weight distribution and centre of gravity
prognosis, are pre-computed in a sheet in the Excel file and can be vi-
sualised on ART, function group and position level. Due to the large
size of the datasets, the computations in Excel become excessively
time-consuming. The final Excel file, which contains both datasets,
calculations, and visualisations, is approximately 5 GB, making Excel
an unsuitable tool for managing such large volumes of data.

1.3 Research questions

The research questions of this master’s thesis are as follows:

1. Is it possible to construct an automated pipeline in Python to
perform data harmonisation, axial weight distribution calcula-
tions and centre of gravity prognosis?

2. Can a machine learning model predict the correct weights with
sufficient accuracy, and thereby facilitate the manual data har-
monisation process?

(a) If possible, what type of machine learning model achieves the
highest performance in comparison to the previous manual
adjustments?

(b) What level of accuracy would be considered sufficient for the
machine learning model to be implemented as a part of the
harmonisation process?

1.4 Limitations

This thesis will focus on finding a machine learning-based approach to
solving the problem of adjusting the weights. Other techniques, not
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1. Introduction

including machine learning, might also be suitable for such a problem;
however, those will not be considered within this project.

Data harmonisation has been performed for multiple vehicle models
with different configurations. However, in this project, the employed
data will be limited to the vehicle models referred to as "Project 1",
"Project 2" and "Project 3". Each project corresponds to one car model
produced by Volvo Cars. Data for the remaining models was con-
sidered inadequate for the development of machine learning models.
"Project 1" had the largest share of documented data harmonisation,
and for this reason, the primary emphasis was put on a machine learn-
ing model trained on this data.

During the process of this project, it became evident that no machine
learning model met the requirements for implementation in a final
pipeline for data harmonisation. For this reason, the pipeline was
finalised without the inclusion of a machine learning model.

1.5 Social, ethical, and ecological aspects

There are positive societal benefits with growth in machine learning in-
frastructure, for instance, that machine learning models are capable of
detecting complex patterns, superior to human abilities [3]. However,
the digitalisation and surge in machine learning usage require substan-
tial computational resources, which increases energy consumption and
water usage for cooling down computers. The environmental impact
is an important aspect to consider when transitioning to more auto-
mated approaches. The whole machine learning pipeline, from data
collection to model inference, should ideally be accounted for in ma-
chine learning development, however, this issue will not be addressed

5



1. Introduction

further in this report.

An additional, crucial consideration in machine learning development
is the risk of model bias and errors. To place complete confidence in
machine learning predictions without human examination can have se-
rious consequences. In this project, incorrect model predictions might
lead to production shutdown or imperfect vehicles, making human su-
pervision of the weight predictions essential. This goes particularly in
the early stages of model deployment. The aim of the machine learn-
ing model is not to work as an independent tool for component weight
predictions, but rather to function as an aid for the person computing
the component calculations.

6



2
Theory

This chapter provides a theoretical introduction to the field of ma-
chine learning, focusing on ensemble models, neural networks, and
preprocessing techniques.

2.1 Machine learning

The field of machine learning is about making predictions based on
what is learned from data. It is achieved by the creation of computer
programs that can process data, extract useful information and make
predictions of unknown properties. Further, some machine learning
systems also provide suggestions based on predictions, such as actions
to take or decisions to make [4]. Machine learning approaches can
be divided into two main components: the learning model and the
learning algorithm. Both are pattern-detecting components used to
predict something unknown. Given a dataset and its corresponding
label set, the machine learning problem can be defined as determining
how to fit a model between them [5], as illustrated in Figure 2.1. When
fitting a model, the objective is to minimise a defined loss, which
quantifies the difference between the prediction and the actual label.
The learning algorithm uses the loss function to guide the process
of optimisation by adjusting the model parameters to find the best
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2. Theory

possible fit.

Input Data Prediction
Learning Model and Learning Algorithm

Figure 2.1: Illustration of the machine learning problem, where the input data is
typically multi-dimensional, and the prediction is one-dimensional.

2.1.1 Types of machine learning

There are several ways that a machine learning problem can be charac-
terised. One of the primary distinctions is based on whether the data
includes labels. In supervised training, the model uses data along
with known labels [5]. In this setup, the model learns patterns from
the input features and associates them with the corresponding label.
Later, when new data without a label is provided, the idea is that the
model should be able to predict the label, having learned from many
examples of input features and their corresponding labels. On the
other hand, when the data does not come with labels, unsupervised
learning techniques, also called clustering methods, are employed.

Another main distinction in supervised machine learning is based on
the structure of the labels; the two main types of labels are categorical
and numerical. Categorical labels mean that the label set is separable
and thus can be divided into classes. A numerical label can be either
a continuous real number or a discrete value. However, a categorical
label is always discrete [4]. The two main divisions of supervised/un-
supervised and classification/regression are represented in Figure 2.2.
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Data

Supervised Unsupervised

Classification Regression

Labelled Not Labelled

Categorical Numerical

Figure 2.2: Visualisation of the supervised/unsupervised and classification/regres-
sion division of machine learning.

2.1.2 Training, validation and testing

In supervised learning, it is a common practice to split the available
data into three sets called training, validation and test. The pri-
mary purpose of the split is to help the model become fully trained,
validated and tested such that the loss can be minimised while the
prediction accuracy for new data can be maximised [5]. The choice
of loss function used during training depends on the objective and
the structure of the data. In regression tasks, common loss functions
include mean absolute error (MAE), mean squared error (MSE), and
Huber loss. For classification, typical loss functions are cross-entropy,
zero-one loss and hinge loss [6]. Accuracy is a widely used metric for
evaluating the performance of machine learning models, especially in
classification tasks. It is calculated as the proportion of correctly pre-
dicted outputs to the total number of predictions made by the model.
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The training dataset consists of pairs of input and output, often re-
ferred to as features and labels. The training data serves as the foun-
dation for both the learning model and the learning algorithm [4].
Once a model is trained, the validation dataset is used to measure its
performance on new data. During validation, the model is provided
with input data to make predictions on. Then the model predictions
are compared to the true labels. One critical purpose of the valida-
tion process is to identify over-fitting. Over-fitting is the phenomenon
of when a model tends to fit very precisely to the instances of the
training data, resulting in learning noise from it rather than general
patterns. Three main factors that often contribute to over-fitting are
too complex models in relation to the complexity of the data, a too
small training dataset and the presence of noise [7]. If the performance
on the validation dataset is much lower than the training performance,
this can be an indicator that the model is over-fitting.

In classification tasks, accuracy, as shown in Equation ??, is com-
monly used to evaluate performance. However, in regression tasks,
performance is typically measured using solely the predefined loss.
Additionally, there are many other frequently used metrics such as
specificity, precision, recall/sensitivity and F1 score for classification
and Pearson’s correlation coefficient for regression [8]. Quantifying
models with various metrics enables model comparison, which can be
an important step in the development of a machine learning system.

During the validation phase, it is common to adjust the model, and
this process is often referred to as hyperparameter tuning. Many mod-
els provided by various machine learning packages often come with
tunable parameters, called hyperparameters. Since there can be a
large number of hyperparameters that can take large ranges of values,
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validation is often an iterative process. Examples of hyperparameters
will be presented in subsection 2.1.3. When dealing with deep learn-
ing models, such as neural networks, it is common to also consider
different architectures of the model during the validation phase. More
detailed information regarding neural networks as models and their
validation process will be considered in the subsection 2.1.4. When
satisfactory results are found from validation, the chosen model is ap-
plied to the test set. The test dataset must never have been exposed
to the model until the final testing. The purpose of the testing is to
introduce the final model to unseen data and ensure that the tuning
parameters work efficiently [5]. Similar to the validation phase, this is
achieved using a qualitative measure such as loss or accuracy.

2.1.3 Decision trees and ensemble methods

Ensemble models are machine learning models that utilise the tech-
nique of using multiple base learners (often decision trees), to obtain
better prediction accuracy [10]. There exist various libraries suitable
for machine learning that could be integrated with Python code. One
such example is the Scikit-Learn package, which is an open-source li-
brary built upon the Python packages NumPy, SciPy, and Matplotlib
[9]. Scikit-Learn provides a huge number of models within classifica-
tion, regression and clustering. Within this subsection, examples of
Scikit-Learn models will be introduced, with a certain focus on the
Scikit-Learn ensemble module.

2.1.3.1 Decision tree

A decision tree is a supervised machine learning model that uses a
hierarchical, rule-based approach to make predictions. It recursively
divides the feature space, based on certain rules, and assigns corre-
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sponding target values to the resulting leaf nodes. The rules of the
splits are learnt from the input data [11]. The learning method can
be applied to either classification or regression problems, depending
on the nature of the target variable [5].

The Scikit-Learn Decision Tree Regressor is a decision tree model
designed for regression tasks. The regressor uses the squared error
as the default loss criterion. However, the criterion hyperparameter
can also be set to absolute error, Friedman mean squared loss, or
Poisson. The chosen criterion measures the performance of the splits
made by the model. At each node of the tree, the model splits the
data such that the loss is minimised, given that the splitting hyper-
parameter is set to the ’best’ value. The other option for splitter is
’random’, which means that the model will randomly select a feature
to split the data on rather than finding and selecting the one that
minimises the loss [12]. By default, the Decision Tree Regressor con-
tinues splitting the data until it can not reduce the variance in the
target values any further. However, allowing the tree to grow with-
out any restrictions can lead to over-fitting. The hyperparameters
max_depth and min_samples_split can therefore be tuned to control
the growth and prevent over-fitting. The min_samples_split hyper-
parameter sets the minimum number of samples required to allow a
split, whilst the max_depth parameter specifies the allowed levels of
the tree, limiting the number of splits. However, the model will only
reach the max_depth if the min_samples_split condition is not over-
ridden [12].
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2.1.3.2 Random forest

Another hierarchical machine learning model is the random forest
model. The model is based on numerous random decision trees, to-
gether forming a forest, also referred to as an ensemble. The random
forest ensembles are created via bootstrap sampling [5]. Bootstrap
sampling is a randomisation technique used to generate subsamples of
the dataset. The subsamples are created by randomly selecting data
points from the original dataset, with replacement, which means that
the same data points can appear multiple times within each subsample
[13]. Once the individual decision trees are trained on these bootstrap
subsamples, the results are aggregated. These two processes, boot-
strap sampling and aggregation, are collectively referred to as bagging
[5]. The bagging process is visualised in Figure 2.3.

Dataset

DSS1

DSS2

DSSN

Decision Tree 1

Decision Tree 2

Decision Tree N

Prediction 1

Prediction 2

Prediction N

Final Prediction

Figure 2.3: Visualisation of the bagging process; where DSS is short for data
subsample and N is the number of trees.

The Scikit-Learn Random Forest Regressor is an estimator comprised
of several Decision Tree Regressors. The estimator fits random sub-
samples of the data to each decision tree, and the final prediction is
based on an average of all the individual tree predictions. The size of
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the ensemble is specified by the n_estimators hyperparameter, where
100 is the default value. The number of samples that each tree uses
to make the splits is determined by the bootstrap sampling process.
If the bootstrap hyperparameter is set to True, it is then determined
by the max_samples parameter; if this one is unspecified, the size of
the whole dataset is used [14].

2.1.3.3 Extra trees

Extremely randomised trees, called extra trees, is also an ensemble
method based on random decision trees. In contrast to the bagging
approach of the random forest model, the extra trees learning algo-
rithm utilises the whole dataset for each tree as default. As in ran-
dom forest, the ensemble makes predictions based on majority voting
among the trees in classification, and computes the average of the
predictions for regression. The model introduces further randomi-
sation by random splitting points, which is the key difference from
the random forest model that seeks the optimal threshold to use for
the split. The algorithm performs several random splits and chooses
among them. Besides the random splitting point, extra trees also ran-
domise the features to use for each tree [15]. In the ensemble method
of Scikit-learn, the estimator Extra Trees can be found. The main
hyperparameters of the estimator are n_estimators, as addressed pre-
viously, and max_features, which specifies the number of features to
consider for each node split [16].

2.1.3.4 Gradient- and adaptive boosting

Another machine learning method that leverages ensembles of deci-
sion trees is gradient boosting. In boosting methods, decision trees
are added sequentially. The added tree is trained based on the er-
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ror of the other trees in the ensemble. The error from the previous
trees corresponds to the negative gradient of the loss function [17].
Thus, the main difference between the random forest and the gradient
boosting learning algorithm lies in the way the trees are added. While
the random forest learning algorithm utilises bagging, the gradient
boosting learning algorithm relies on boosting. The boosting process
is visualised in Figure 2.4.

Dataset

DSS1

DSS2

DSSN

Decision Tree 1

Decision Tree 2

Decision Tree N

Prediction 1

Prediction 2

Prediction N

Final Prediction

Figure 2.4: Visualisation of the boosting process; where DSS is short for data
subsample and N is the number of trees.

Similar to the Random Forest Regressor and the Extra Trees Regres-
sor, the Scikit-Learn ensemble module also provides the estimator Gra-
dient Boosting Regressor [18]. The loss hyperparameter determines
the loss function in the Scikit-Learn Gradient Boosting Regressor. By
default, the loss is set to squared error, but other options are absolute
error, Huber loss, and quantile loss [18]. Similarly to the Random
Forest Regressor, the Gradient Boosting Regressor also provides the
hyperparameter n_estimators to regulate the ensemble size. Further-
more, the XGBoost library also provides models under the gradient
boosting framework [20]. As with the Gradient Boosting Regressor,
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the XGBoost model creates an ensemble with an additive approach
that minimises the loss function [22]. The default loss function for
XGBoost is Mean Squared Error, the default value for the number
of estimators n_estimators is 100, and the maximum depth of the
tree max_depth is 6. Several other hyperparameters are included
in the model, which can be tuned for optimal model performance.
Researchers extensively utilise the XGBoost model and have proven
state-of-the-art performance in many machine learning challenges [23].

Another ensemble boosting algorithm is AdaBoost, which was the first
practical boosting algorithm. It uses adaptive boosting instead of gra-
dient boosting [19]. The AdaBoost algorithm also uses decision trees
as weak learners; however, the trees are only split once and are thus
referred to as decision stumps. AdaBoost minimises an exponential
loss function and works with weighted samples. By weighted samples,
it means that the algorithm increases the weights of samples that are
difficult to predict correctly and, conversely, decreases the weights of
samples whose targets are easier to predict. Aside from the num-
ber of splits, which differs between Gradient Boosting and AdaBoost,
the primary distinction lies in how each algorithm addresses predic-
tion errors. Gradient Boosting leverages gradients to minimise these,
whereas AdaBoost focuses on high-weight data samples to improve
performance [10].

2.1.3.5 Multi output regressor and feature importance

A task within the area of supervised machine learning is multi-output
classification and regression, which includes the prediction of multi-
dimensional labels. Multi-output classification aims to predict mul-
tiple discrete output variables, and similarly, multi-output regression
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aims to predict multiple real-valued variables [24]. Scikit-Learn pro-
vides a Multi Output Regressor that can be applied to regressors that
do not support multi-output regression by default. The Multi Output
Regressor estimator provides fit and predict [25].

All the above-presented Scikit-Learn Regressors provide a feature im-
portance property that assigns an importance score to each feature.
The provided score is a Gini importance, which is based on the nor-
malised reduction of the used loss caused by the feature [14]. The
higher the score, the more important the feature is for making the final
prediction. Feature selection, which is a form of dimensionality reduc-
tion, can be based on feature importance scores. By removing features
with low importance, runtime can be reduced, and in some cases, the
performance of machine learning models can improve. However, it is
important to perform feature selection carefully, as eliminating certain
features may negatively affect model performance. Dimensionality re-
duction can also help address issues related to memory storage and
computational costs [26].

2.1.4 Neural networks

Artificial neural networks, often referred to simply as neural networks,
date back decades and are inspired by the dynamics of networks in
the brain [27]. In the last decade, artificial neural networks have been
widely applied across various industries [28], [29], mainly due to bet-
ter hardware and larger training sets of higher quality [27]. Neural
network models are applicable in both classification and regression
tasks.

The feedforward neural network can be considered the most repre-
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sentative deep learning model [30]. A feedforward network defines a
mapping, y = f(x; θ), and learns the parameters based on training
data that provides the best function for generalisation of the output.
The network is organised in a layered structure, where the first layer is
called the input layer, the intermediate layers are called hidden layers,
and the final layer is called the output layer. The network weights
define how the inputs are mapped to the outputs. The weights rep-
resent the strength of the connections between the neurons in the
adjacent layers of the network. To introduce non-linearity in the func-
tion y = f(x; θ), activation functions are generally applied to one or
several layers. θ represents all network parameters, including both
weights wij and biases bj. An example of an artificial neural network
can be found in Figure 4.2. In this specific example, the network
consists of two input neurons, three hidden neurons, and two output
neurons. The arrows represent the network weights w

(n)
i,j from neuron

j to neuron i, which are parameters that are trained to fit the data.
The output yn

j from neuron j in layer n is defined in Equation 2.1. bj

is the bias term.

yn
j = g

 n∑
i=1

wijxi + bj

 (2.1)
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Input layer
Hidden layer with N neurons

Output layer

w(1)

w(1)

w(1)w(1)
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w(2)

w(2)

w(2)

w(2)

w(2)

w(2)

Figure 2.5: An example of a feedforward neural network. In this figure, the network
consists of two input neurons, three hidden neurons, and two output neurons.

The default activation function for most feedforward neural networks
is the rectified linear activation function (ReLU) g(z) = max{0, z}.
Leaky ReLU, presented in Equation 2.2 is an alternative version of
ReLU, where g(x) is the activation function based on neuron output
x, that allows negative values of minor magnitude [31]. This resolves
an issue that can arise with the ReLU activation function, namely
that the gradient becomes zero for negative values. In addition, Leaky
ReLU prevents the occurrence of dead neurons in the network. When
addressing a regression task with strictly positive real target values,
ReLU and Leaky ReLU are the preferred methods.

g(x) =


0.01x for x < 0

x for x ≥ 0
(2.2)

The parameters of the network are trained with back-propagation, by
computing the gradient of the loss function with respect to each of
the parameters [30]. Subsequently, the gradients are used to update
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the parameters accordingly. The non-linearity of neural networks gen-
erally introduces a non-convex loss function, and as a result, global
convergence is not guaranteed in all cases. Thus, neural networks are
generally sensitive to the initialisation of parameters.

Constructing a neural network model requires many design choices
such as optimiser, loss function and model architecture, which is one of
their considerable strengths as well as a weakness [30]. The flexibility
and adaptability that this yields represent an advantage over many
other models. In addition, neural networks provide the possibility of
mapping an input vector to an output vector of arbitrary dimension.
However, the models are sensitive to hyperparameter tuning. More
details of the design choices and hyperparameter tuning can be found
in Section 2.1.4.1.

Training of neural networks is known to be a difficult task [37]. What
is desirable to observe in neural networks training is a steadily decreas-
ing loss, for training as well as validation. After a sufficient number
of iterations, the loss will ideally stagnate. A heavily oscillating or
non-decreasing training loss can signal a high learning rate, a poor
model architecture, or exploding or vanishing gradients. Exploding
gradients are, concisely explained, the result of numerous large gra-
dients being multiplied together. Vanishing gradients, on the other
hand, arise from increasingly small gradients. One desirable charac-
teristic to observe in model training is that the curves for training
and validation loss align closely over time. If the validation loss is
significantly higher than the training loss, the model has over-fitted
the data. In addition, the training should be terminated when the
performance curves stagnate. An example of desirable loss curves can
be found in Figure 2.6.
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Figure 2.6: An example of optimal loss curves.

A less prevalent but possible observation when training a neural net-
work model is a validation loss lower than the training loss. This
means that the model generally performs better on the validation data
than on the data that the model is fitted to. This phenomenon might
be the consequence of data leakage [32] or extensive use of regularisa-
tion techniques to prevent over-fitting [30]. Examples of data leakage
are if training and validation data include information that is not
available during model inference or if the target variables are directly
encoded in the inputs [32].

2.1.4.1 Model configurations and hyperparameter selection of neural
networks

Hyperparameters are inputs to an algorithm that control its behaviour
[33]. One example is the model width of a feedforward neural network,
meaning the number of neurons in one layer. Tuning these parameters
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is essential to obtain the optimal results of a machine learning model.
An over-parameterised neural network model introduces a risk of over-
fitting the data. Conversely, an insufficient number of neurons and
layers can result in under-fitting. There are several general guidelines
for initialising the width, one of which states that the optimal network
width is most commonly in the range between the number of input
neurons and the number of output neurons. [35]

There are three main methods for hyperparameter optimisation: Grid
Search, Random Search [33], and Bayesian Hyperparameter Optimiza-
tion [34]. Both Grid Search and Random Search are available in Scikit-
Learn, where Grid Search is the most well-known. It is a brute-force
exhaustive method, meaning that it iterates through all possible com-
binations of hyperparameters until the optimal one is found. Random
Search is inexhaustive; hence, more efficient in terms of computation.
However, Random Search does not guarantee that the most optimal
configuration is found [33]. A more flexible and automated approach
is to apply Bayesian Optimisation, a method that assumes that the
objective function is sampled from a Gaussian process and maintains a
posterior distribution for the function as observations are being made.
Bayesian Hyperparameter Optimization is an in-exhaustive method as
well, resulting in a lack of convergence guarantees [34].

A crucial design choice for model performance of neural network mod-
els is the loss function [36]. As mentioned previously, mean square
error (MSE), mean absolute error (MAE), and Huber loss are three
common selections of loss functions in regression tasks. MSE penalises
large errors and assumes that the output distribution is Gaussian. If
the data comprises a large number of outliers, the MSE loss function
can impose excessively large penalties, making MAE more appropri-
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ate. Huber loss, like MAE, demonstrates reduced sensitivity to outliers
compared to MSE, while still operating smoothly around zero, unlike
MAE. In all three equations below, yn represents the labels, and ŷn

represents the prediction of the model. The total number of samples
in the batch is denoted N , and θ are the model parameters. The
threshold δ in Huber loss controls the balance between the quadratic
and linear behaviour of the function [36].

MSE(θ) = 1
N

N∑
i=1

(yi − ŷi)2 (2.3)

MAE(θ) = 1
N

N∑
i=1

|yi − ŷi| (2.4)

Huberδ(θ) = 1
N

N∑
i=1


1
2 (yi − ŷi)2 if |yi − ŷi| ≤ δ

δ |yi − ŷi| − 1
2δ2 otherwise

(2.5)

Optimisation algorithms, or optimisers, represent another critical de-
sign component in a neural network model [36]. In this section, de-
tails of some standard choices for optimisers will be provided, namely
Stochastic gradient descent (SGD), RMSProp, and ADAM. RMSProp
and ADAM are built on the same core idea as SGD, but with some
nuance, and to fully understand SGD, one has to start with gradient
descent (GD). GD is an optimisation algorithm that updates model
parameters θ in each iteration based on Equation 2.6, where α repre-
sents the magnitude of the update, denoted as the learning rate.

θt+1 = θt − ηt∇J(θt) (2.6)
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The updates are computed based on all data points in the samples. For
SGD, on the other hand, the stochasticity includes random samples n

being chosen from the total set of samples {1, . . . , N}. Equation 2.7
defines the update rule for SGD.

θt+1 = θt − ηt∇J(θt; xn, yn) (2.7)

Parameter updates with RMSProp and ADAM are computed with
random samples in a similar manner [36]. However, RMSProp and
ADAM adapt the learning rate based on the moving average of the
squared gradients. In addition, ADAM uses momentum, a method
for the algorithm to accelerate speed along preferred directions during
optimisation. This makes the process of updating parameters more
stable. Momentum is useful since other methods, such as SGD, expe-
rience trouble navigating the optimisation landscape where the curva-
ture is steep in some directions and flat in others.

Regardless of which optimiser is implemented, one has to carefully
select a suitable learning rate to ensure optimal convergence [36]. The
learning rate regulates the magnitude of the parameter updates, and
a suboptimal one can lead to slow or no convergence. Mainly, one has
to be mindful when selecting the learning rate for SGD.

2.2 Preprocessing

It is said that success in machine learning is not all about superior
models and faster machines. What contributes to the success of top
data scientists is rather their skill in preprocessing the data [38].

"If you put garbage in, you will only get garbage to come out.

24



2. Theory

By garbage here, I mean noise in data." [38].

A common practice in preprocessing is feature selection, which is a
process of excluding redundant features to reduce the number of in-
put variables to the machine learning model [38]. As mentioned above,
this enables faster training of the machine learning algorithm, and if
the right subset of features is chosen, the model accuracy is improved.
There are three main approaches for feature selection: filter meth-
ods, wrapper methods and embedded methods. Filter methods are
independent of the machine learning algorithm. The core principle
of this method is to compute the score in statistical tests to find the
correlation between the feature and the outcome variable. In wrapper
methods, one tries a subset of features and trains a machine learning
model using them. Based on the metrics from this training, one de-
cides whether to retain a feature or discard it. Embedded methods
are a combination of filter and wrapper methods, and are methods im-
plemented in machine learning algorithms. Some examples of popular
embedded methods are Gini, Lasso and Ridge regression.

Another essential step in preparing the data for the machine learn-
ing model is feature transformation [33]. This step generally includes
scaling numerical features and encoding textual features. The scal-
ing part is a crucial practice in machine learning preprocessing when
numerical features have different scales or when their values span dif-
ferent ranges. Otherwise, large values may dominate over others in the
analysis, leading to biased or incorrect results. Scaling the targets is
generally not required. Three common methods for scaling numerical
features are MinMaxScaler, StandardScaler and RobustScaler. Min-
MaxScaler is a normalisation method that shifts and rescales data
such that it ends up within the range min to max, where the default
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values for min are 0 and max is 1 [39]. The normalisation is carried
out by the following formula:

Xscaled =
(

X − Xmin

Xmax − Xmin

)
× (max − min) + min

StandardScaler, on the other hand, only performs standardisation,
resulting in a data distribution of unit variance [40]. This makes the
StandardScaler method less affected by outliers. The standardisation
is computed based on the formula below, where µ is the mean and σ

is the standard deviation of the column:

Xscaled = X − µ

σ

RobustScaler is a normalisation method that is more robust to outliers
than MinMaxScaler [41]. This method subtracts the median of the
data and then scales the data according to the Interquartile range
(IQR). RobustScaler uses the following formula for normalisation:

Xscaled = X − median(X)
IQR(X)

When handling textual and categorical features, an encoding method
is applied to the data [33]. This is of significance since most ma-
chine learning algorithms are compatible only with numerical values.
Common encoding methods are OrdinalEncoder, LabelEncoder, One-
HotEncoder and TfidfVectorizer. The applicability of the methods is
highly dependent on the data. The three initially mentioned methods
are generally applied to categorical features. OrdinalEncoder encodes
values into a two-dimensional array, with values in the range 0 to M -1
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[42], where M is the number of labels. LabelEncoder does encoding
similarly, with values ranging from 0 to M -1, however, the encoded
array is one-dimensional. LabelEncoder is, as the name suggests, pri-
marily applied to the categorical training labels [43]. An issue with
both of these encoding schemes is that categories close in order are
considered numerically related, even though this may not always hold
[33].

Encoding with OrdinalEncoder, LabelEncoder, OneHotEncoder and
TfidfVectorizer can be exemplified by the component categories "Screw",
"Steering Wheel", "Towbar" and "Flange Screw". OrdinalEncoder and
LabelEncoder would interpret "Screw" and "Steering Wheel" to share
more common properties than "Screw" and "Motor". As mentioned,
this might not always be the case. To resolve this problem, OneHo-
tEncoder or TfidfVectorizer can be applied. OneHotEncoder creates
a matrix using a one-hot scheme, and is advantageous when deal-
ing with multi-class categorical features. TfidfVectorizer is preferable
when the semantic meaning of textual features is important. These
encoders are available in Scikit-learn. An illustration of the encoding
using Ordinal- and LabelEncoder can be found in Table 2.1. Encoding
using OneHotEncoder and TfidfVectorizer is illustrated in Table 2.2.

Component Name OrdinalEncoder LabelEncoder
"Screw" [1.] 1
"Steering Wheel" [2.] 2
"Towbar" [3.] 3
"Flange Screw" [0.] 0

Table 2.1: A table illustrating the encoding of component names using OrdinalEn-
coder and LabelEncoder.
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Component Name OneHot TfidfVectorizer
"Screw" [1, 0, 0, 0] [0.00, 0.00, 1.00, 0.00, 0.00, 0.00, 0.00]
"Steering Wheel" [0, 1, 0, 0] [0.00, 0.00, 0.00, 0.58, 0.58, 0.00, 0.58]
"Towbar" [0, 0, 1, 0] [0.00, 0.00, 0.00, 0.00, 0.00, 1.00, 0.00]
"Flange Screw" [0, 0, 0, 1] [0.62, 0.62, 0.49, 0.00, 0.00, 0.00, 0.00]

Table 2.2: A table illustrating the encoding of component names using OneHo-
tEncoder and TfidfVectorizer. The seven encoding values in the TfidfVectorizer
column are ["Flange" "Flange Screw" "Screw" "Steering" "Steering Wheel" "Towbar"
"Wheel"].

The scores in the TfidfVectorizer are a combination of the "term fre-
quency" (TF) and the "inverse document frequency" (IDF) [36]. Term
frequency is the frequency of the word in the text, and document
frequency represents how many times the word appears in all texts
together. As demonstrated in Table 2.2, the Tfidf-based encoding
scheme captures the relationship between the components "Screw" and
"Flange Screw" in a favourable way. The TfidfVectorizer creates word
vectors such that words of semantically similar meaning are close to
each other.
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The first section within this chapter provides a detailed description
of the data harmonisation process and its main challenges. Further,
this chapter includes data specifications of the CAD dataset and PLM
dataset, along with the adjusted weight data. Following this, sections
describing the aim and general idea of the two tasks, axial weight
distribution calculations and centre of gravity prognosis are presented.

3.1 Data harmonisation process

The alignment of weight data, also referred to as data harmonisa-
tion, is the process of aligning component weights between the two
datasets. Which of the CAD and PLM datasets holds the correct
weight varies between components and vehicles. Thus, none of them
can serve as master data independently. A component has the feature
ART, function group and position in the respective dataset. These are
all features describing what different groups a component belongs to.
An ART is an organisational grouping, representing the department
a component belongs to. Function group and position are physical
groupings, corresponding to where components are located within the
vehicle. The goal of data harmonisation is for the CAD and PLM
datasets to align with a maximum of 500-grams difference at the func-
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tion group level. The data harmonisation is highly time-consuming,
requiring approximately one day per vehicle.

Components are grouped on the function group level to determine
whether a function group fulfils the requirement of a maximum 500-
gram difference. One factor complicating the process is the discrep-
ancy in the number of components sharing the same ART and function
group between the two sources. Generally, a single component in the
PLM data corresponds to multiple smaller components in the CAD
data. To exemplify, consider that one component in the PLM data
is represented by five smaller components in the CAD data, all of
which share the same ART and function group. x1, x2, x3, x4, x5 are
the weights of the CAD components and y1 is the weight of the PLM
component. This fictitious example is represented in table 3.1.

ART Function group CAD weight PLM weight
1 1 x1, x2, x3, x4, x5 y1

Table 3.1: Structure of a fictitious function group example with selected columns;
ART, function group, CAD weight and PLM weight.

Assume further that in this fictitious example, the summarised weight
of the CAD component is less than the weight of the PLM compo-
nent. Additionally, assume that the weight difference is more than
500 grams, such that:

x1 + x2 + x3 + x4 + x5 + 500 < y1 (3.1)

Furthermore, it is assumed that the expert responsible for the data
harmonisation knows that the weights in the PLM data are correct for
these components. Since the weight difference on the function group
level is more than 500 grams, adjustments are required. The expert
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must analyse the weights in the CAD data. If the five components
are identical, the weight difference will simply be distributed evenly
among them. However, this is just one possible outcome among a large
number of potential scenarios; the relationship between components
in the two datasets may vary. The five components in the CAD data
may not be identical, and their weights could differ from one another.
The expert performing the data harmonisation will need to carefully
assess these variations, taking into account the broader context and
any additional relevant information, to ensure that the harmonisation
process accurately reflects the true values across both datasets.

Another possible scenario is that components are missing in one of
the datasets. One such example is that fluids are not incorporated in
CAD models, which implies that all types of fluid are only present in
the PLM data. For cases like this, new components are added. This is
an example of a consistently occurring error, and another such exam-
ple is that cables are always added into CAD as 1.5 times their actual
size. Thus, cable weights are systematically increased. However, not
all errors follow patterns like this; some of them are engineering mis-
takes. An example of such a mistake would be to accidentally fill an
identity number as the weight, resulting in huge function group weight
differences between the sets.

At present, data harmonisation and computations are carried out in
Excel. Due to the large size of the datasets, the computations in Excel
become excessively time-consuming. The final Excel file, which con-
tains both datasets, calculations, and visualisations, is approximately
5 GB, making Excel an unsuitable tool for managing such large vol-
umes of data.
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There exists data of previously performed data harmonisation for the
car projects referred to as "Project 1", "Project 2" and "Project 3".
One car project corresponds to one car model constructed by Volvo
Cars. In this study, the data will be limited to these car projects
only. The harmonisation has been completed several times for the
same vehicle, including different configurations, such as for "Project
1" with and without a tow bar or child seat. The adjusted weight data
from these computations serve as ground truth data for the machine
learning model, meaning that the model aims to correctly predict these
adjusted component weights.

3.2 Calculation of axial weight distribution and
centre of gravity prognosis

The harmonised data is used in calculations for the front and rear
axle load of the vehicle. The performance of these calculations is
crucial for driving manoeuvrability, staying within legal weight limits
and reducing the risk of premature damage to the vehicle [44]. In
addition, the vehicle weight is essential for safety, since an imbalanced
car might behave in an unpredictable manner. The specific formulas
for calculations of weight axial distribution will not be presented in
this report, but in short, the centre of gravity for each component, the
wheelbase and the positions of the corresponding axles are utilised.
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Since the data harmonisation is performed on function group level,
it was decided early in the process to group components in this way
in the datasets. As a consequence, the feature and target values are
represented as arrays, thus, the problem can be framed as a multi-
output regression problem. This condition on the input and output
data brings limitations to which preprocessing techniques can be ap-
plied and which machine learning models can be used. The following
sections will present the preprocessing methodology and the methodol-
ogy for the implementation of the machine learning models considered
in this project: neural networks and ensemble models.

4.1 Preprocessing

This section presents the different preprocessing steps applied to the
data within this project. The first section covers the creation of data
frames, followed by implementing a pipeline for data cleaning and
transformation of training, validation and test data. The core compo-
nents of the pipeline are imputation of missing values, scaling of nu-
merical features, encoding of categorical features and data padding.
This preprocessing pipeline is applied to a CSV file with data for
training, validation and testing of the explored models. The data was
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determined to be in the form of NumPy arrays instead of lists, which
simplifies mathematical operations. However, this array structure cre-
ates complexity in the preprocessing pipeline, since many inbuilt pre-
processing modules are designed for single-value data. The process
of finding the optimal preprocessing techniques followed an iterative
approach, where several encoding schemes and scaling methods were
evaluated, as well as ways of structuring the data. As a result, multiple
datasets of varying sizes were used for model training.

The inference data is preprocessed using the techniques that yielded
the best model performance. Additionally, since the inference data
lacks labels, the step for file merging differs slightly. Preprocessing of
inference data will be discussed in greater detail in Section 4.1.4.

4.1.1 File merge

For each vehicle configuration, a data frame is constructed. This data
frame is comprised of the raw CAD and PLM data, and the adjusted
CAD and PLM weights. The preprocessing script reads the files and
finds the columns ART and function group. All unique combinations
of ART and function group are identified, and the files are grouped
according to this. This results in a data frame where each row, or
sample, consists of all components in the vehicle sharing the same
value for ART and function group. Several components share the
same combination of these two features, and thus, in the merged data
frame, nearly all feature values are arrays. The arrays are sorted on
weights, in ascending order. A fictitious example of a dataset after the
file merge is found in Table 4.1. One row in the table represents one
data sample, which consists of n components sharing the same values
for ART and function group (FG). The first data sample consists of
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three components and the second of two components.

ART FG POS CAD W. PLM W. Adj. CAD Adj. PLM
1 10 [30, 15, 50] [2, 30, 1755] [2, 30, 1170] [0, 30, 1170] [0, 30, 1170]
2 20 [4s0, 25] [30, 3000] [30, 4000] [30, 4000] [30, 4000]

Table 4.1: An illustration of the merged data frame. CAD W. and PLM W.
represent the component weights in the corresponding datasets. Adj. CAD and
Adj. PLM. represents the adjusted weights. Note that only seven of the 150 data
columns are represented in this fictitious example.

There are two main reasons for grouping components based on func-
tion groups. First, the goal of data harmonisation is to adjust the
weights so that the datasets have a maximum difference of 500 grams
per function group. This division is logical because it aligns with the
measure we aim to minimise, the error per sample, that is, a group of
components. Second, as previously explained, there is a discrepancy
in the number of components between the datasets at this level. The
CAD data, for example, often represents components in greater detail.
Due to this discrepancy, it is not possible to treat each component as
a separate sample, as it may not have a corresponding component in
the other datasets.

By stacking several vehicle data frames, a merged data frame is cre-
ated, which consequently includes data from multiple vehicle config-
urations. In this project, three sizes of data frames were used for
model development, which included data from different configurations
of three vehicle models. The car models are referred to as "Project 1",
"Project 2" and "Project 3". One small data frame was created that
comprises data from four car configurations of "Project 1", a medium-
sized data frame with ten car configurations of "Project 1" and a large
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one comprising data for 41 different car configurations of all accessi-
ble car projects were created. The small and medium datasets solely
contain data of "Project 1", since this car model offers a substantial
amount of data. The large dataset contains all the data that was
available at the start of the project. The file merge resulted in the
three training datasets, or frames, for model training with the follow-
ing number of samples:

Dataset Samples
Small 690
Medium 1,710
Large 6,835

Table 4.2: Sample size of each dataset.

Each of the datasets serves a different purpose. The small data set with
few samples is useful for pilot runs, since it offers less training time.
When model specifications with high performance are found on the
small dataset, one can proceed to the medium dataset for additional
analysis. When optimal model specifications are found, the model will
be trained on the large dataset, since more data typically results in
better model generalisation on unseen data.

As stated earlier in this section, there exists a variety of versions of
these datasets preprocessed using different techniques. The specifics of
the preprocessing techniques explored in this project will be discussed
in further detail in the next subsections.

4.1.2 Data cleaning

The imputation of missing values in the data is an essential step to
ensure data quality. The data values for important features might
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be missing due to limitations in the data sources or as a consequence
of inaccuracies in data management. The optimal way to resolve the
issue of missing data was carefully examined, mainly since the im-
putation will affect the final calculations. A suitable approach was
found to be imputing missing values with zeros. In addition, the ar-
rays were padded with zeros such that each feature has values with
the same dimensions. The length of the features was based on the
sample in the dataset with the longest feature value. However, as
the project progressed, it became clear that this was not the most
optimal approach for padding. Rather, all features were padded to
the same length, namely 1500. The sample with the largest number
of components contained approximately 1,000, so the padding length
had to exceed this. A value of 1,500 was chosen to provide a margin.
The inference data was padded equally, which facilitates the model in
detecting patterns in the inference data.

The data contains around 150 columns, so-called features. To reduce
the dimensionality of the dataset and enhance the efficiency of train-
ing, it is preferred to exclude some features by feature selection. The
goal was to find a suitable method for this among the three mentioned
above: filter methods, wrapper methods and embedded methods. Fil-
ter methods require the computation of a covariance matrix, which is
a task of significant complexity when handling array-type values. For
this reason, the filtering technique was not implemented as a part of
the final preprocessing pipeline. However, embedded feature selection
methods were applied to ensemble models, which is discussed further
in Section 4.3.

There exist samples in the dataset that include inaccurate adjustments
of weights as labels. This refers to samples with a discrepancy between
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the CAD and the PLM components’ weight sums after adjustments
greater than 500 grams, which can occur when the calculations were
not intended to apply to all function groups. These samples were
included in the datasets during the neural network model training,
but were later filtered out as part of the data cleaning. Additionally,
weights that do not require adjustments were filtered out. This was
the case for the datasets used during the training of both neural net-
work models and ensemble models. These are the components where
the sums of the CAD and PLM weights align based on a threshold.
The threshold was set to zero or 200 grams. The percentage of cor-
rect weights varies depending on the dataset and the threshold. The
objective of the model is to adjust the weights where the two sums do
not align, making this a suitable step to reduce the dimensionality of
the data.

4.1.3 Feature transformation

For this project, scaling of numerical features and encoding of tex-
tual features are the steps included in the feature transformation. To
achieve feature transformation, primarily, one has to decide which fea-
tures are numerical and which are textual. This was mainly executed
automatically, since the data contains around 150 features, except
for three numerical features that were manually pre-determined to be
encoded as textual features. This is owing to the features being nu-
merical categorical values, such as "Component ID", which are not as-
sociated with a numerical magnitude. The function for the automated
decision-making attempts to convert all the values in each feature to
a numerical format. If this is achieved successfully without undefined
values, the feature is considered a numerical feature. As a subsequent
step, the most suitable method for feature scaling should be decided.
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A significant number of the numerical components in the data con-
tain some extreme outliers. Visualisations of the distribution of six
key features are found in the histogram plots in Figure 4.1. In all of
the features, one can observe a frequent occurrence of outliers, which
motivates the use of StandardScaler and RobustScaler. Nevertheless,
since the data is padded with zeros, this can affect the scaling with
StandardScaler, since this method relies heavily on the mean and the
standard deviation. This is, on the other hand, not an issue for Min-
MaxScaler or RobustScaler. For this reason, MinMaxScaler and Ro-
bustScaler were the methods used in this project. Primarily, model
performance under MinMaxScaler preprocessing was evaluated, fol-
lowed by an evaluation of model performance with RobustScaler.

Figure 4.1: The distribution of the values of the numerical features KDP As-
signment NO, Generic Module no DA, Measure Quantity, A Weight, I Weight and
Weight Sum Components.
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Scaling with RobustScaler is computed using the median and the in-
terquartile range. Since the data is padded with a significant number
of zeros, both the median and the interquartile range are occasion-
ally zero. In this case, the values are not affected by scaling. For
this reason, the performance of models with scaling applied before
padding was investigated. This was limited to the training data for
the ensemble models.

Regarding encoding of textual features, TfIdfVectorizer was the method
of choice, since it is capable of capturing stronger relationships within
textual data compared to many other encoders. Examples of the tex-
tual features in need of encoding are the component names as "Flange
Screw", "Socket Screw" and "Sems Screw". Using LabelEncoder, Or-
dinalEncoder or OneHotEncoder, these components will be encoded
as completely different, whereas the relationship between these com-
ponents is markable and the model might benefit from recognising
these. However, the TfidfVectorizer in Scikit-Learn is incompatible
with the array-structured data utilised in this project. In addition,
encoding with TfidfVectorizer increases the data dimensionality re-
markably. Consequently, encoding with TfidfVectorizer was excluded
from the preprocessing pipeline in this project. OneHotEncoder is not
a suitable option, since the main part of the features are multi-class
features, leading to OrdinalEncoder and LabelEncoder being the most
viable options. One motivation for applying LabelEncoder to the tex-
tual features in the data, although it is more commonly applied for
targets, is that the encoded feature remains in a one-dimensional for-
mat. This is of value since the dataset is already in a quite complex
array-format. For this reason, LabelEncoder was used as the main en-
coding scheme for the training data. However, after evaluating models
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trained on LabelEncoded data, OrdinalEncoder replaced the LabelEn-
coder in the preprocessing pipeline.

In addition, a handmade encoder was manually created to capture
more of the relationships in the textual data. The handmade en-
coder combines tokenisation from TfIdfVectorizer with integer encod-
ing from LabelEncoder by creating an array for each label, where each
value in the array represents each word in the label. Table 4.3 illus-
trates an example of encoding with the handmade encoder. As shown
in the example, the encoding represents relationships in the data in
a superior way to LabelEncoder and OrdinalEncoder. This encod-
ing scheme also results in significantly lower-dimensionality represen-
tations compared to using TfIdfVectorizer. However, the handmade
encoding scheme still led to data with a structure that was cumber-
some to manage. The complex format could not easily be used as
input to the machine learning models, and for this reason, the hand-
made encoding scheme was never implemented as a part of the final
preprocessing pipeline.

Component Name Encoding
Flange Screw [0, 1]
Socket Screw [2, 1]
Sems Screw [3, 1]

Table 4.3: An example of encoding with the handmade encoding scheme.

4.1.4 Preprocessing of inference data

The structure of the data for model inference will look slightly dif-
ferent, since no labels are available. For this reason, the pipeline for
preprocessing deviates from the pipeline described above, mainly con-
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cerning the initial file merge. The script preparing data for inference
takes two raw data files as input: the CAD and PLM data. These are
merged based on ART and function group similarly to the training and
validation data, hence, inference data has samples corresponding to all
components in the same function group, sharing the same value for
ART. Apart from this, the data is preprocessed using the techniques
mentioned above, which yielded the best model performance during
training and validation. The preprocessing steps included: scaling
numerical features with RobustScaler and encoding textual features
with OrdinalEncoder. The function groups where the CAD and PLM
components’ weight sums aligned were filtered out.

4.2 Neural network models

Neural networks were believed to capture underlying patterns in the
data. For this reason, an introductory feedforward neural network
was implemented as a starting point, using a single hidden layer. The
activations explored for the model were linear activation, ReLU and
Leaky ReLU, where a feedforward neural network with linear activa-
tion is mathematically equivalent to performing linear regression [30].
A substantial part of this project involved experimenting with differ-
ent configurations of neural networks to find the one achieving the
highest accuracy. A visual representation of the initial model can be
found in Figure 4.2.
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Input layer
Hidden layer with N neurons

Output layer

Figure 4.2: An illustration of the initial feedforward neural network. The net-
work consists of two input neurons, three hidden neurons, and two output neurons,
however, this is not aligned with the dimensions of the actual model. The input
and output dimensions depend on the dataset employed for model training, and the
width N of the network is tuned as a hyperparameter.

The neural network models were implemented using the PyTorch li-
brary, which is an open-source machine learning library that provides
tools for effective implementation of neural networks [46]. Addition-
ally, a DataLoader in PyTorch was created, using efficient management
of batching, accessing, and shuffling data. The models were trained
both locally and using Databricks.

4.2.1 Training and hyperparameter tuning

A following step in model implementation included finding the opti-
mal model architecture for this specific area of application. To achieve
this, several model configurations were investigated, with the model
in Figure 4.2 as a basis. The training and validation loss for all model
configurations were monitored, and decisions on network depth, width,
or modifications of hyperparameters were guided by this. If oscilla-
tions in training or validation loss were observed, the learning rate
was decreased, following standard machine learning practice. As men-

43



4. Methodology

tioned previously, ADAM and RMSProp can be suitable alternatives
if SGD is the optimiser algorithm causing oscillations in loss curves. If
the loss appeared to continue to improve after the maximum number
of epochs, this indicates that the model is capable of further improve-
ments and that training was stopped prematurely. In these situations,
the hyperparameters were saved and later reused in a prolonged train-
ing run.

A common practice when developing neural network models is to start
by creating a simple network as a dummy model that serves as a base-
line. Hence, experiments with the shallow network in Figure 4.2 were
executed, both with linear output and including activation functions.
ReLU and Leaky ReLU were believed to be appropriate choices, since
the predicted weights are strictly positive numerical values. As previ-
ously mentioned, the decision of width in a network is highly relevant
for the final performance of the model. General guidelines in machine
learning development state that the optimal network width is most
commonly found in the range between the number of input neurons
and the number of output neurons. In this case, for the medium-sized
dataset, which is most frequently used in model training, the input
size is approximately 80,000, and the output size is around 1,000.
If one follows these guidelines, the ideal network should have a hid-
den layer of size 1,000-80,000. Due to memory limitations, both in
Databricks and locally, a neural network with more than 4,096 neu-
rons was not feasible. For this reason, a hidden size in the range from
1,000 to 4,096 was applied in the hyperparameter tuning. Addition-
ally, 512 was added to the potential neuron numbers, since a smaller
network possibly provides more efficient training. This initial run with
a single-layer network was carried out for different sets of hyperparam-
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eters. For further information on the specific hyperparameters tested
out, see Table 4.4.

Hyperparameters
Loss function (Loss fn) MSE MAE Huber loss MAE Alt.

Learning rate (LR) 0.001 0.0005 0.0001 0.00005
Batch size 32 64 128 256

Number of neurons in hidden layers (N) 512 1,024 2,048 4,096
Optimiser (Opt.) SGD ADAM RMSProp

Table 4.4: A table presenting the hyperparameters evaluated in the neural network
models.

Following the preliminary training, it became apparent that a more
complex model was required to fit the data. This is reasonable since
the target data - how the weights of specific components should be
adjusted based on expert knowledge - in this project is considered quite
complex. Consequently, additional layers were added to the model.
The results of models with a range of two to five layers were examined,
both with and without activation functions. A more detailed report
of the final results observed in the implementation of neural network
models can be found in Section 5.1.

Training the models demanded substantial time in this project. The
number of epochs for each experiment was decided based on obser-
vations from early pilot runs with similar hyperparameters. Around
800-3000 epochs were required to obtain satisfactory results, which
refer to either a low validation loss or a high validation accuracy,
combined with a stagnated performance curve. To avoid unnecessary
training, early stopping was implemented, which terminates the train-
ing if the validation loss has not improved in a certain number of
epochs. The threshold for early stopping can be tuned as a hyperpa-
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rameter. For reference, training a single-layer model with 512 neurons
for 800 epochs required approximately 4 hours. The training time var-
ied depending on the model architecture and chosen hyperparameters.

The tuning of hyperparameters was initially carried out using Bayesian
hyperparameter optimization. Grid Search was considered an unfea-
sible method, partly due to the high dimensionality of the data. In
addition, five parameters with four alternatives each result in 1,024
combinations to evaluate, which is not reasonable to process with an
exhaustive method. A table with all hyperparameters that took part
in the optimisation is found in Table 4.4.

For all model configurations examined, the training loss and validation
loss were documented in the platform MLfLow, which is suitable for
tracking and organising results in machine learning projects [21]. In
addition, the training and validation accuracy were registered, and
the definition of accuracy in this project will be further discussed in
Section 4.4.

As an attempt to circumvent the issue of the padded zeros, a custom
loss function was created, called MAE alternative (MAE Alt.). The
function calculates the mean absolute error after excluding all zeros
in the array. However, this means that even the zeros that belong to
specific components are neglected. Nonetheless, this was an attempt
to more accurately measure loss during model training, to help the
model increase the accuracy of the predictions.

4.3 Ensemble models

In addition to exploring various neural network architectures, it was
decided to employ simpler machine learning models. The initial desire
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to use ensemble models was to be able to perform feature selection,
which was deemed crucial to reduce the training time of the neural
networks. Additionally, feature selection was considered to potentially
improve the performance of the carried-out models. As a first step,
the Scikit-Learn Random Forest Regressor was employed for feature
selection. Using the estimator with its default parameters on the small
training dataset, it outperformed all previously tested neural network
versions in terms of average loss per function group and accuracy.
At this stage, it was decided to explore more ensemble methods. To
decide which models could be suitable for the data and the task, an
experiment was conducted for the small dataset. The small dataset
experiment included the following models:

• AdaBoost Regressor

• Extra Trees Regressor

• Gradient Boosting Regressor

• Random Forest Regressor

• XGBoost Regressor

The selection of regressors was an iterative process. As mentioned, the
Random Forest Regressor was used as a starting point. The random
forest algorithm is well-known and widely used in various machine
learning applications, referred to as the most popular decision forest
algorithm [47]. The algorithm has proven both speed and accuracy
independently of the nature of the dataset [48]. Further, the random
forest model has demonstrated success in various multi-output regres-
sion tasks [49], [50], [51]. In the process of seeking precious work
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related to random forest multi-output regression, the Extra Trees Re-
gressor was also mentioned as a potential candidate for this purpose
[52], and thus chosen as a candidate model.

Given that the random forest and extra trees algorithms employ bag-
ging to create their ensembles, it was deemed appropriate to also ex-
plore models based on boosting as an alternative approach. Therefore,
the Gradient Boosting Regressor was the initial model from the boost-
ing framework that was considered. Similar to the random forest algo-
rithm, it has shown great success in a wide range of applications [53].
Furthermore, the gradient boosting algorithm has also succeeded in
multi-output regression problems [54]. When further exploring mod-
els under the boosting framework, it was discovered that extended
gradient boosting algorithms such as XGBoost have been shown to
outperform random forest and gradient boosting models in some ap-
plications [48]. Thus, the XGBoost model was incorporated in the test
as well. While reviewing the literature on multi-output regression, the
AdaBoost model also appeared frequently in various applications [55],
[56], [57]. Consequently, it was decided to also incorporate the Ad-
aBoost Regressor within the small dataset experiment.

All the selected ensemble models require that each sample have the
same input data length. This was solved by padding at the feature
level. However, these models can not deal with feature values as ar-
rays, and therefore, features are flattened before training. This implies
a huge increase in features for the ensemble models, as each value in
the list now serves as an individual feature. For example, consider one
feature called feature_1, where the padded length of this feature is
20. After flattening, there are now 20 features made out of this one,
feature_1_1, feature_1_2, ..., feature_1_20. Another crucial step in

48



4. Methodology

using the ensemble method on this dataset was to wrap the regressors
in the Multi-Output Regressor provided by Scikit-Learn, as the esti-
mators do not support multi-output regression by default. Thus, after
an ensemble estimator is initialised, it is wrapped by the Scikit-Learn
Multi Output Regressor before training.

When training the ensemble models, it was decided to train two sepa-
rate models. One for predicting the CAD output and one for the PLM
output. Both models were provided with the same input data, all the
features from the respective raw files. There are two main reasons
why the models were separated. First, it was regarded as a measure
to reduce complexity, potentially leading to improved prediction per-
formance. Additionally, using separate models allows for independent
feature selection, as the most important features may differ between
CAD and PLM prediction.

The exploration of ensemble models consisted of three parts: the small
dataset experiment, the medium dataset experiment, and the large
dataset experiment. The methodology for each is presented in the
following sections.

4.3.1 Small dataset experiment

The small dataset experiment was repeated with each newly devel-
oped preprocessing version, serving as a way to evaluate the impact
of those changes. All applied preprocessing steps and versions can
be found in Section 4.1. The small dataset initially consisted of 690
samples as presented in Table 4.2; however, due to filtering, the two
preprocessing versions ultimately used for the small dataset exper-
iment contained 455 and 133 samples, respectively. The difference
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between the two lies in the filtering criteria applied. The first version
contains all the function groups where a difference between the origi-
nal CAD and PLM components’ weight sums existed, and where the
weights have been adjusted such that the difference is less than 500
grams. The second version contains all function groups where the dif-
ference between the original CAD and PLM components’ weight sums
is more than 200 grams, and where the weights have been adjusted
such that the difference is less than 500 grams. Table 4.5 specifies the
version differences. The motivation behind the various preprocessing
changes can be found in Section 4.1. Both dataset versions contained
68,756 features once flattened, and a training/validation split of 80/20
was considered for the small test. The small test results for the five
ensemble models can be found in Table 5.4 and Table 5.5.

Version Samples Original weight difference threshold
1 455 >0 grams
2 133 >200 grams

Table 4.5: Characteristics of the preprocessing versions used for the small dataset,
the adjusted weight difference threshold is consistent across all the versions (<500
grams).

4.3.2 Medium dataset experiment

After obtaining the validation results from the small dataset experi-
ment, two models were selected for further training and improvement.
The chosen models were the Extra Trees Regressor and the XGBoost
Regressor. By the time the selected models were ready to be trained on
the medium dataset, new preprocessing changes had been introduced,
leading to four separate test runs. At this stage, two major distinc-
tions were identified as crucial for evaluation. The versions shown in

50



4. Methodology

Table 4.5 remained, but a new modification was introduced: scaling
before padding. This change was made after observing that some val-
ues did not seem to be affected by scaling at all. Again, more detailed
motivation regarding the preprocessing approaches can be found in
Section 4.1. The specifics of the four versions are displayed in Table
4.6. All versions flattened feature length is 79,773, and once again, a
training/validation split of 80/20 was considered. The results for the
selected ensemble models for these different versions of the medium
dataset can be found in Table 5.6, Table 5.7, Table 5.8 and Table 5.9.

Version Samples Original weight difference threshold Scaling
1 1191 >0 grams before padding
2 1191 >0 grams after padding
3 358 >200 grams before padding
4 358 >200 grams after padding

Table 4.6: Characteristics of the preprocessing versions used for the medium
dataset, the adjusted weight difference threshold is consistent across all the ver-
sions (<500 grams).

After training both models on all versions of the medium dataset,
feature selection was conducted using the XGBoost model trained on
preprocessing version 2 from Table 4.6, as this combination of model
and preprocessing version achieved the highest performance across all
evaluation metrics. The feature selection process started with the
top 10 features ranked by average importance scores. Since features
are flattened during ensemble training, each feature’s score represents
the average importance of its flattened components. The model was
then retrained iteratively, adding 5 more features in each round, to
identify the point at which performance stagnates. Training with the
top 10 features led to improved performance, prompting the decision
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to further explore the impact of using even fewer than 10 features,
and thus, using the top 2 and 5 features was considered as well. The
results for training on selected features can be found in Table 5.10.

4.3.2.1 Testing of models trained on the medium dataset

In the small and medium tests, the models were trained on 80% of
the data and validated on the remaining 20%. Validation results were
promising, especially for the medium dataset, reaching an overall ac-
curacy of 82% and a function group accuracy of 79%. However, when
the same model was applied to predict on data from a car configu-
ration that was not included in the medium dataset, its performance
decreased significantly. The initial test data consisted of a dataset fea-
turing all function groups of a single vehicle from the same car project
as those found in the medium dataset. Given this similarity, the model
was expected to perform well. Nevertheless, the results indicated that
the model had very limited generalisation capacity.

To address the models’ poor generalisation ability, new preprocessing
methods were once again considered. Previously, datasets were padded
at the feature level, ensuring that all samples had the same length for
each feature. This length was determined by the sample with the
longest value for a given feature. However, this approach resulted
in varying lengths between features across datasets. Consequently,
when creating a testing dataset using the same method, the model
may have been trained on samples with feature lengths that did not
match those of the test dataset. To be able to train the ensemble
models, all features are flattened, and thus, this structuring of data
may be misinterpreted by the model. To resolve this, it was decided
to pad all features to the same length for both the training/validation
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and testing datasets. Another important preprocessing adjustment
involved ensuring that the features in both the training/validation and
testing datasets were sorted in the same order. The motivation behind
these two adjustments was to provide the model with more clarity and
consistency, ultimately improving generalisation and performance.

When the changes above were implemented to preprocessing version
2 of the medium dataset, a new round of training was conducted for
the XGBoost model. Since the training on selected features indicated
that the model could perform well on 15 features, only these were
considered. To test the model, it was decided to create three different
testing frames, using the new preprocessing approach. Each of the
testing frames consists of a full vehicle configuration, as in the initial
testing. The first testing frame includes a vehicle configuration that is
incorporated in the medium-sized dataset. This choice of testing does
not align with general machine learning testing practice, where the
data that the model is tested on shall not have been seen by the model
before. However, testing with a complete vehicle configuration was
deemed valuable as this is not the same as the validation procedure,
which involved 20% of the data being randomly selected and does
not necessarily represent a full vehicle. Furthermore, this first testing
frame serves as a comparison for the other two. The second testing
frame includes a vehicle configuration of the same car project that the
medium dataset comprises. However, the exact configuration is not a
part of the medium-sized dataset. The third testing frame is a vehicle
configuration of a car project that is different from the ones in the
medium dataset.

The testing results for the three different car configurations are pre-
sented in Table 5.11. These results indicate that the model is severely
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overfitted to the training data. This can also be confirmed by the fact
that the training accuracy is much higher than the validation accuracy.
To reduce overfitting, hyperparameter tuning was performed on the
XGBoost model. Table 4.7 presents the different model configurations
that were tested. The configurations were applied in the same order
as they appear in the table, and the changes were based on the results
of the previous tuning. The default values for the hyperparameters
that have been considered in the tuning follow:

• gamma = 0

• learning_rate = 0.3

• max_depth = 6

• min_child_weight = 1

• n_estimators = 100

Tuning gamma learning_rate max_depth min_child_weight num_estimators
1 default default 3 default default
2 default default 3 5 default
3 default default default default 50
4 default default 3 default 50
5 default default default default 20
6 default default default default 10

Table 4.7: Hyperparameter tuning of the XGBoost model trained on preprocessing
version 2 of the medium dataset with new padding approach.

4.3.3 Large dataset experiment

After completing the medium training rounds and analysing the re-
sults, the XGBoost model was selected for training on the large dataset,
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including data for all available car projects. The training was com-
pleted with the four different preprocessing versions presented in Table
4.8, and each run took between 6 to 19 hours to compute. The default
parameters were used.

The results of the runs indicated room for improvement (see Section
5.2.3), and for this reason, additional training runs were executed, but
this time with the dataset partitioned into subsets. One model was
trained solely on data from a car project referred to as "Project 1",
another was trained on data for "Project 2", and a third model was
trained on data for "Project 3". All models were trained on the best-
performing dataset from Table 4.6, namely version 4. The models
were trained using the default hyperparameters, and the number of
samples was 1,085 for "Project 1", 511 for "Project 2" and 534 for the
dataset with the rest of the models. See Section 5.2.3 for the results.

Version Samples Original weight difference threshold Scaling
1 4217 >0 grams before padding
2 4217 >0 grams after padding
3 1544 >200 grams before padding
4 1544 >200 grams after padding

Table 4.8: Characteristics of the preprocessing versions used for the large dataset,
the adjusted weight difference threshold is consistent across all the versions (<500
grams)

The results from model training on the separated datasets remained
unsatisfactory. For this reason, hyperparameter tuning of the XG-
Boost models was implemented. Since a training run with default
parameters can require up to 19 hours of computational time, the pos-
sibility of investigating all hyperparameters was considered infeasible
within the time limits, and the search was limited to the number of
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estimators n_estimators. The tuning was performed with grid search,
using different numbers of possible alternatives for n_estimators de-
pending on the dataset. The number of estimators included in the
grid search varied between 15 and 150.

Each of the three datasets were partitioned into two datasets: one for
training/validation and another for testing. Subsequently, the training
validation data was further split into one training set and one valida-
tion set. Both splits were performed using an 80/20 ratio. The test
set was later used to create the data for evaluation, and the details of
this are presented in the following subsection.

4.3.3.1 Testing of models trained on the large dataset

Following the model training, the three highest performing models
were tested using a similar approach as in the medium dataset ex-
periment. The reason for choosing three machine learning models for
evaluation is that it was proven necessary to use one model for each
of the car projects.

Two test sets were created to evaluate the performance of each of
the three machine learning models. The two test sets contained the
entire collection of components belonging to a specific vehicle con-
figuration. The first test set contained components included in the
training datasets, and the second one comprised components belong-
ing to a vehicle of the same model, but where the components were
not included in the training. Testing of the models on a vehicle from a
different project can be viewed as preferable to truly evaluate the gen-
eralisation abilities of a machine learning model. However, this was
infeasible due to a mismatch in dimensionality of the input data. To
clarify the testing process, consider the final XGBoost model trained
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on data from "Project 1". This model will be tested twice. The first
test set will only include components from a vehicle configuration in-
cluded in the training set, and the second test will be on data not
included in the training set. Both test sets include vehicle configu-
rations from the same car project. The reason for testing using two
different datasets is to reveal potential over- or underfitting. A high
accuracy for a vehicle included in the training data, combined with
a low accuracy for the vehicle not included in the training data, can
indicate poor model generalisation. The results of the tests are found
in Section 5.2.3.

4.4 Evaluation metric

An important part when exploring various machine learning models
is to find suitable evaluation metrics. The standard measure for the
evaluation of regression models is the loss. However, the loss in this
task is significantly affected by the numerous padded zeros in the label
vectors. As an example, assume that the label vector has the format
illustrated in Equation 4.1. The vector is of dimension (1, 1079) and
consists solely of two weights, 50 and 28, followed by 1077 padded
zeros.

yn =
[
50 28 0 · · · 0 0 0

]
∈ R1×1079 (4.1)

Using MAE as the loss function, a predicted vector consisting solely
of zeros would result in an average loss of 0.0723 grams, which signifi-
cantly underrepresents the true prediction error. To address this, the
padded zeros are excluded when computing the loss, leading to a more
meaningful and interpretable evaluation metric. This metric was used
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when evaluating neural networks and is abbreviated MAE Alt. in the
results.

If the model correctly predicts all component weights within a function
group, the requirement of a maximum 500-gram difference between the
CAD and PLM components’ weight sums is implicitly fulfilled, as the
adjusted weights serve as targets. Based on this, it was considered
appropriate to include accuracy as an evaluation metric for this task,
despite its unconventional use in regression tasks. The accuracy is the
proportion of correctly predicted weights among all predicted weights.
A weight is considered correctly predicted if its predicted value differs
from the true (the adjusted weight value) by no more than 1 gram.
Again, the padded values are excluded. This accuracy metric was
used for the evaluation of neural networks and ensemble models and
is abbreviated as Acc. in the results. However, in the sections related
to the ensemble models, this metric is also referred to as the overall
accuracy.

During the evaluation of the ensemble models, a third metric was in-
troduced: the function group accuracy, abbreviated Acc. FG in the
results. The function group accuracy is the proportion of correctly pre-
dicted function groups among all function groups. A function group
is considered correctly predicted if all its component weights are cor-
rectly predicted. Table 4.9 demonstrates the function group accuracy.
Where function group 1 is assessed as correctly predicted, whilst func-
tion group 2 is not, due to two of the CAD predictions not being within
the 1-gram difference to the true value limit. Padded values are ex-
cluded.
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FG predicted component weights true component weights
1 (CAD) [1, 2.5, 12.66, 13, 896] [1, 3, 13, 13, 896] correct
1 (PLM) [1, 3, 12.5, 13, 896] [1, 3, 13, 13, 896]
2 (CAD) [53.5, 57, 100, 100] [55, 55, 100, 100] not correct
2 (PLM) [55, 55, 100, 100] [55, 55, 100, 100]

Table 4.9: Fictitious example of the Acc. FG metric.

Lastly, the mean absolute error per function group was also used in
ensemble model evaluation, abbreviated as MAE/FG in the results.
The absolute error for a function group is calculated by summing the
errors of all its components, where the error for a single component
is the difference between its predicted and true values. The absolute
errors for all function groups are then averaged, with padded values
excluded from the calculation.

4.4.1 Sufficient accuracy

The final model aims to output the correct adjusted weights, which
means that the weights that the model did not predict correctly need
to be manually adjusted if the function group difference is still more
than 500 grams. Due to this, accuracy metrics were valued highly
when analysing the results from the different models. The fewer
weights that need to be adjusted afterwards, the better the model
is for this application. However, the mean absolute error per function
group was also deemed a crucial metric to consider within the tests.
Ideally, the mean absolute error per function group would be zero,
since this means that the requirement of a 500-gram difference on the
function group level would be fulfilled, as the adjusted weights serve
as the target values.
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During model development, it was determined that a model must
achieve a minimum function group accuracy of 70% during testing
to be considered sufficiently accurate. The anticipated performance
on inference data is significantly lower, since the inference data com-
prises new car configurations. Therefore, a high threshold for testing
accuracy is required. This benchmark was established since a lower
performance would not justify the extensive implementation and tran-
sition efforts required to move from the manual data harmonisation.

4.5 Final pipeline for data harmonisation

In parallel with model development, a pipeline for computing data
harmonisation and calculations of axial weight distributions was built.
The best-performing model was planned to be implemented as a part
of a final pipeline to compute the adjusted weights necessary for the
calculations. The pipeline for data harmonisation takes two raw data
files as input: one CAD and one PLM file. The data is then pre-
processed using the same steps as the training data. The samples
with correct weights, where the sum of the component weights in
CAD and PLM data align, are filtered out. Components that re-
quire adjustments are supposed to be handled by the machine learn-
ing model. After model inference, the weight predictions are visualised
using Streamlit [58]. A subsequent and important step is for the user
to manually handle the incorrect model predictions and overlook the
correct ones to guarantee the quality of the weights. To simplify for
the user, the predictions are evaluated using the difference between the
predicted CAD and PLM components’ weight sums. If the difference
is greater than a set threshold, the predicted weights are highlighted as
incorrect. After being reviewed and potentially adjusted, the weights
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are saved in a CSV file. Following this step, the weights are used as
input for axial weight distribution calculations and centre of gravity
prognosis. The final pipeline is illustrated in Figure 4.3.

Figure 4.3: An illustration of the final pipeline for computing centre of gravity
prognosis and axial weight distribution calculations.

Despite the numerous attempts to develop a machine learning model
qualified for the task, the final decision was taken that no model met
the requirements. The time and effort required for the deployment of
the final tool was believed to exceed the benefits. For this reason, no
model was implemented to be part of the final pipeline for axial weight
distributions. The pipeline, however, was finalised with the exception
of the machine learning model for weight predictions.
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5
Results

This chapter presents the results of the thesis, including outcomes
from neural networks and ensemble models.

5.1 Neural network models

As described in the Methods chapter, the first machine learning model
implemented in this project was a single-layer feedforward neural net-
work. The model was trained with several hyperparameter configura-
tions, and the results of this can be found in Table 5.1. The results
are sorted based on validation accuracy, in ascending order. The mod-
els were evaluated with linear activation function, ReLU and Leaky
ReLU, and the potential activation functions were applied to all layers.
The training trials are hereby referred to as experiments.
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N B.S. Opt. Loss Fn L.R. Activation Loss Acc.
2048 32 RMSprop MAE 0.0005 Leaky ReLU 23094.7 0.00
4096 128 SGD MAE Alt. 0.0001 Linear 403.4 0.01
4096 64 ADAM MAE Alt. 0.0001 Linear 347.1 0.01
512 64 SGD MAE Alt. 0.0005 Leaky ReLU 334.9 0.01
2048 256 ADAM MAE Alt. 0.0005 Leaky ReLU 259.5 0.01
1024 32 ADAM Huber 0.0001 ReLU 14.1 0.13
512 32 ADAM MAE Alt. 0.0001 ReLU 205.2 0.13
1024 256 RMSProp MAE 0.0005 ReLU 17.2 0.13
512 128 RMSProp Huber 0.0001 ReLU 35.4 0.14

Table 5.1: Results for training of the single-layer feedforward neural network model.
All experiments were executed for a maximum of 800 epochs, on the medium-sized
training set with 1,368 samples. The dimensions for input and output were 79,961
and 1,260, respectively. N represents the number of hidden neurons in the network,
B.S. is short for batch size, Loss Fn represents the loss function, L.R. is the learning
rate, and Activation is the activation function applied to all layers. The loss and
the accuracy (Acc.) correspond to the final validation loss and the final validation
accuracy achieved during training.

As demonstrated by the results in Table 5.1, the model appearing last
in the table achieved the highest accuracy, more specifically 14%. This
means that 14% of the predicted weights corresponding to non-zero
labels are correct, which does not meet the expected levels. With this,
it became apparent that a more advanced model was required to fit
the data successfully. Subsequently, experiments that included models
with more hidden layers were executed, and the results of these can be
found in Table 5.2 and Table 5.3. The first table presents the results for
models that incorporate two hidden layers, and the latter models with
five hidden layers. To reduce the number of possible combinations
of model architecture, all layers in one network comprise the same
number of neurons. The performance of the models with two hidden
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layers was considerably higher - the maximum validation accuracy
achieved in hyperparameter tuning was approximately 46 %. The
accuracy curve of the best-performing model can be found in Figure
5.2.

N B.S. Opt. Loss Fn L.R. Activation Loss Acc.
1024 32 ADAM Huber 0.001 Linear 134.8 0.01
512 64 ADAM MAE 0.001 Linear 23.0 0.04
4096 256 SGD MAE Alt. 0.0001 Leaky ReLU 370.9 0.1
4096 256 ADAM Huber 0.0001 Leaky ReLU 17.0 0.23
2048 128 RMSProp Huber 0.0001 Leaky ReLU 16.9 0.32
1024 256 RMSProp MAE 0.001 Leaky ReLU 15.7 0.39
2048 256 RMSProp MAE Alt. 0.0005 ReLU 331.6 0.46

Table 5.2: Results for training of the feedforward neural network with two hidden
layers. The results are sorted based on validation accuracy, in ascending order.
All experiments were executed for a maximum of 800 epochs, on the medium-sized
training set with 1,368 samples. The dimensions for input and output were 79,961
and 1,260, respectively. N represents the number of hidden neurons in the network,
B.S. is short for batch size, Loss Fn represents the loss function, L.R. is the learning
rate, and Activation is the activation function applied to all layers. The loss and
the accuracy (Acc.) correspond to the final validation loss and the final validation
accuracy achieved during training. The SGD optimiser, and the MSE loss functions
were found to generate unsatisfactory results in pilot runs and were thereby neglected
in the hyperparameter tuning.
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N B.S. Opt. Loss Fn L.R. Activation Loss Acc.
1024 256 RMSprop Huber 0.0005 Linear 343808.9 0.00
1024 32 RMSprop MAE 0.001 Leaky ReLU 16.8 0.13
1024 128 RMSprop MAE Alt. 0.001 ReLU 366.2 0.14
512 128 ADAM MAE 0.001 Leaky ReLU 17.5 0.15
4096 256 ADAM MAE 0.0005 Leaky ReLU 17.4 0.17

Table 5.3: Results for training of a feedforward neural network, with five hidden
layers. Each of the experiments was executed for a maximum of 800 epochs, on
the medium-sized training set, containing 1,368 samples. The dimensions input and
outputs were 79,961 and 1,260, respectively. The loss and the accuracy (Acc.) cor-
respond to the final validation loss and the final validation accuracy achieved during
training. The SGD optimiser, and the MSE loss functions were found to generate
unsatisfactory results in pilot runs and were thereby neglected in the hyperparame-
ter tuning.

When interpreting the results from the experiments, it is important
not to focus too narrowly on the loss. The reason for this is explained
in detail in Section 4.4, but in short, this is due to the extensive
padding of the output vector. However, the loss can still serve as an
indicator of the magnitude of the errors, especially when combined
with accuracy. Since different loss functions are used for each model -
MAE, MSE, Huber loss and a modification of MAE - one should also
be careful when directly comparing loss values between the different
models. All losses are calculated as the average discrepancy between
the predicted output weights and the targets, per sample. Hence, an
MAE loss of 17.2 stands for an average discrepancy of 17.2 grams
between the output and the target. The modification of MAE, also
referred to as MAE Alt., neglects all zero values when calculating the
loss. This is also sub-optimal since some labels are zero.

To fully analyse the performance of a neural network model config-
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uration, one must consider not only the final metrics but also the
performance curves. One desirable characteristic to observe in model
training is that the two loss curves align closely over time. In addi-
tion, the training should be terminated when the performance curves
stagnate. Nonetheless, an occasionally observed phenomenon in the
experiments in this project was a validation loss significantly smaller
than the training loss. This was, for example, the case for the best-
performing model, which can be seen in Figure 5.1. From the figure,
one can tell that the model loss is reduced iteratively. However, the
validation loss is almost exclusively lower than the training loss.

Figure 5.1: The loss curves of an experiment with a two-layer neural network.

Another observation that can be made from Figure 5.1 is that neither
of the loss curves has reached a plateau, so further model improve-
ments appear to be possible. For this reason, a prolonged run using
the same hyperparameters was executed. The results from this run
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showed that even though the loss continued to decrease until stagna-
tion around 7,000 epochs, the accuracy did not increase. Rather, the
accuracy decreased after reaching its maximum of approximately 40%
at around 800 epochs (see Figure 5.3).

Figure 5.2: The accuracy curves of the experiment with the best performing neural
network model, with two layers.

68



5. Results

Figure 5.3: The accuracy of elongated run with optimal hyperparameters.

The results from the neural network models were not satisfactory, and
instead, the focus was shifted toward ensemble models. The results
from the implementation of ensemble models will be presented in the
next section.

5.2 Ensemble models

This section presents the results of the various ensemble model experi-
ments conducted throughout this thesis: the small dataset experiment,
the medium dataset experiment, and the large dataset experiment.

5.2.1 Small dataset experiment

The final small dataset experiment was conducted for five different
regressors, and two versions of preprocessing, described in detail in
Section 5.2.1. The metrics evaluated are overall accuracy, function
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group accuracy and mean absolute error per function group. An in-
depth explanation of the metrics can be found in Section 4.4, and all
provided metrics are for the validation data. Table 5.4 and Table 5.5
present the small dataset experiment results.

Model Acc. Acc. FG MAE/FG
AdaBoost 0.200 0.000 9752.6

Extra Trees 0.784 0.714 8595.8
Gradient Boosting 0.721 0.159 8568.9

Random Forest 0.439 0.027 9881.1
XGBoost 0.807 0.703 9068.1

Table 5.4: Ensemble models results using preprocessing version 1 from Table 4.5.

Model Acc. Acc. FG MAE/FG
AdaBoost 0.305 0.037 2975.0

Extra Trees 0.801 0.667 3283.5
Gradient Boosting 0.801 0.500 3252.0

Random Forest 0.260 0.000 6413.6
XGBoost 0.825 0.685 3124.0

Table 5.5: Ensemble models results using preprocessing version 2 from Table 4.5.

Based on the results of the small dataset experiment, it became evident
that training the models with preprocessing version 2 enhanced per-
formance. All models, except the Random Forest Regressor, achieved
higher overall accuracy. For the function group accuracy, the results
were mixed. However, the most significant improvement was observed
in the mean absolute error per function group, where preprocessing
version 2 reduced errors to between one-third and one-half compared
to preprocessing 1.

The main purpose of the small dataset experiment was to decide which
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models to use for further training and model improvement. Of the five
models explored, two were selected for training on the medium-sized
dataset, namely, the Extra Trees Regressor and the XGBoost Regres-
sor. For both preprocessing versions, the AdaBoost Regressor and
the Random Forest Regressor produced undesirable results, unable to
predict any of the function groups from the validation data correctly.
While there were some improvements with the second version of the
dataset, these two models still performed significantly worse than the
other three. The Gradient Boosting Regressor was not selected for fur-
ther training due to its lower performance in function group accuracy,
despite having similar overall accuracy and mean absolute error per
function group as the Extra Trees Regressor and XGBoost Regressor.
Another observation was the difference in training times among the
various models. For preprocessing version 1, training times ranged
from approximately one to five hours, while for preprocessing version
2, they varied between two and eleven hours. The AdaBoost Regres-
sor and XGBoost Regressor were significantly faster, taking just over
an hour for the first version and just over two hours for the second
version. In contrast, the Extra Trees Regressor, Gradient Boosting
Regressor, and Random Forest Regressor took more than four and
ten hours, respectively.

5.2.2 Medium dataset experiment

As explained in Section 4.3.2, four different preprocessing versions
of the medium-sized dataset were used to train the selected models:
the Extra Trees Regressor and XGBoost Regressor. The results are
presented in Table 5.6, Table 5.7, Table 5.8 and Table 5.9. The same
evaluation metrics used in the small dataset experiment were applied,
and again, all provided metrics are for the validation data.
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Model Acc. Acc. FG MAE/FG
Extra Trees 0.811 0.780 7295.9
XGBoost 0.819 0.780 6206.0

Table 5.6: Ensemble models results using preprocessing version 1 from Table 4.6.

Model Acc. Acc. FG MAE/FG
Extra Trees 0.812 0.782 7310.0
XGBoost 0.822 0.789 6202.9

Table 5.7: Ensemble models results using preprocessing version 2 from Table 4.6.

Model Acc. Acc. FG MAE/FG
Extra Trees 0.788 0.757 15079.8
XGBoost 0.795 0.750 13937.4

Table 5.8: Ensemble models results using preprocessing version 3 from Table 4.6.

Model Acc. Acc. FG MAE/FG
Extra Trees 0.787 0.750 15738.8
XGBoost 0.798 0.750 13930.8

Table 5.9: Ensemble models results using preprocessing version 4 from Table 4.6.

When training the models on the small dataset, it was the prepro-
cessing version with the original weight threshold of 200 grams that
yielded significantly lower MAE/FG across all six models. However,
when analysing the medium dataset experiment results, the trend is
reversed, and it is the preprocessing versions with the original weight
threshold of 0 grams that yield remarkably lower MAE/FG values.
It is important to note, though, that the lowest MAE/FG achieved
for the medium dataset is still considerably higher than the lowest
MAE/FG observed with the small dataset. However, training on the
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medium-sized dataset did increase the performance in terms of the two
other metrics, that is, overall accuracy and function group accuracy.
The most remarkable difference is observed for the function group
accuracy, where the Extra Trees Regressor achieved at best 71% on
the small dataset and 78% on the medium dataset, and the XGBoost
Regressor achieved at best 70% on the small dataset and 79% on the
medium dataset.

When comparing the results between the two models, there are no ma-
jor differences. XGBoost performs marginally better across all met-
rics. However, considering the substantial disparity in training times,
where the Extra Trees Regressor took 48-51 hours to train on the ver-
sions with 1,191 samples, compared to XGBoost’s 7-10 hours, it made
XGBoost the preferred model for use on the larger dataset.

The results from training the XGBoost Regressor on preprocessing
version 2 of the medium-sized dataset with selected features can be
found in Table 5.10. The results are visualised in Figure 5.4. All
provided metrics are for the validation data.

Features Acc. Acc. FG MAE/FG
Top 2 0.812 0.435 6272
Top 5 0.841 0.705 5872
Top 10 0.843 0.751 5907
Top 15 0.844 0.787 5871
Top 20 0.841 0.780 5900
Top 25 0.843 0.780 5913
Top 30 0.842 0.778 5926

Table 5.10: Results from training the XGBoost with selected number of features.
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Figure 5.4: The first plot shows the overall accuracy (Acc.) and function group
accuracy (Acc. FG), and the second plot shows the average mean absolute error per
function group for training the XGBoost model on a selected number of features.

From the validation results of the trained model with selected features,
it becomes clear that it does not need the full set of approximately 150
features; rather, its performance even improves with a much smaller
proportion of features. Analysis of the plots in Figure 5.4 indicates
that, for the medium dataset and preprocessing version 2, the optimal
number of features for training the XGBoost model is 15. Beyond
this point, both accuracy metrics stagnate, while the average mean
absolute error per function group begins to increase.

5.2.2.1 Testing of models trained on the medium dataset

The results from testing the XGBoost model trained on preprocessing
version 2 of the medium-sized dataset are presented below. The model
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was trained using the top 15 features. Explanation and motivation for
choices of testing frames are presented in Section 4.3.2.1.

Car Model In Medium Dataset Acc. Acc. FG MAE/FG
"Project 1" yes 0.913 0.795 2116.9
"Project 1" no 0.255 0.000 42989.1
"Project 2" no 0.259 0.000 21489.9

Table 5.11: Results from testing the XGBoost model on three different full car
configurations.

The testing results indicate that the model severely overfits the train-
ing data, as it performs very well on the full vehicle configuration in-
cluded in the training set. This outcome is expected. However, there
is a drastic performance drop when evaluating different car configu-
rations, even though new preprocessing approaches were incorporated
to combat this. It was expected that the model would perform best
on the first configuration, slightly worse on the second, and worst on
the third. However, the results did not follow this anticipated pattern,
as the second configuration yielded the poorest performance.

Once the model was retrained with different hyperparameter configu-
rations, the same testing was conducted. The tuned hyperparameters
and their values can be found in Table 4.7. The testing results with
tuned hyperparameters are presented in Table 5.12, Table 5.13, Table
5.14, Table 5.15, Table 5.16 and Table 5.17.
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Car Model In Medium Dataset Acc. Acc. FG MAE/FG
"Project 1" yes 0.781 0.114 2189.3
"Project 1" no 0.199 0.000 42950.8
"Project 2" no 0.231 0.000 21384.0

Table 5.12: Results from testing the XGBoost model on three different full car
configurations, with hyperparameter tuning 1 from Table 4.7.

Car Model In Medium Dataset Acc. Acc. FG MAE/FG
"Project 1" yes 0.448 0.010 2757.6
"Project 1" no 0.095 0.000 48238.7
"Project 2" no 0.118 0.000 22871.3

Table 5.13: Results from testing the XGBoost model on three different full car
configurations, with hyperparameter tuning 2 from Table 4.7.

Car Model In Medium Dataset Acc. Acc. FG MAE/FG
"Project 1" yes 0.884 0.395 2126.7
"Project 1" no 0.255 0.000 42990.2
"Project 2" no 0.260 0.005 21489.5

Table 5.14: Results from testing the XGBoost model on three different full car
configurations, with hyperparameter tuning 3 from Table 4.7.

Car Model In Medium Dataset Acc. Acc. FG MAE/FG
"Project 1" yes 0.573 0.014 2283.4
"Project 1" no 0.202 0.000 42935.5
"Project 2" no 0.233 0.000 21369.1

Table 5.15: Results from testing the XGBoost model on three different full car
configurations, with hyperparameter tuning 4 from Table 4.7.
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Car Model In Medium Dataset Acc. Acc. FG MAE/FG
"Project 1" yes 0.641 0.033 2374.525
"Project 1" no 0.266 0.000 43081.1
"Project 2" no 0.280 0.000 21507.1

Table 5.16: Results from testing the XGBoost model on three different full car
configurations, with hyperparameter tuning 5 from Table 4.7.

Car Model In Medium Dataset Acc. Acc. FG MAE/FG
"Project 1" yes 0.283 0.019 3849.1
"Project 1" no 0.144 0.000 44066.9
"Project 2" no 0.174 0.000 21776.6

Table 5.17: Results from testing the XGBoost model on three different full car
configurations, with hyperparameter tuning 6 from Table 4.7.

None of the hyperparameter tuning efforts successfully mitigated over-
fitting. Although a slight improvement in overall accuracy was ob-
served for testing frames 2 and 3 in the fifth tuning configuration, the
overall testing performance remains far below expectations.

5.2.3 Large dataset experiment

The results of model training on the large dataset, including all car
projects, are found in Table 5.18. In addition, an attempt was made
to train separate XGBoost models for the different car projects. These
results are found in Table 5.19. In this table, the training accuracy
was included to demonstrate the occurrence of overfitting, which was
the case for all experimental runs. Due to the presence of overfitting,
tuning of the number of estimators in the ensemble (n_estimators)
was carried out to reduce the model complexity. The results from
these experiments can be found in Tables 5.20, 5.21 and 5.22.
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Version Hyperparameters Acc. Acc. FG MAE/FG
1 Default 0.287 0.119 14282.9
2 Default 0.318 0.141 17814.1
3 Default 0.483 0.240 19453.7
4 Default 0.487 0.250 19444.9

Table 5.18: Results from the XGBoost models trained on different preprocessing
versions of the large dataset.

Dataset Acc. Acc. FG MAE/FG Tr. Acc.
"Project 1" 0.60 0.287 19420.4 0.767
"Project 2" 0.60 0.317 24622.8 1.000
"Project 3" 0.198 0.157 15720.2 0.918

Table 5.19: Results from the XGBoost models trained on data for different car
models separated.

Dataset n_estimators Acc. Acc. FG MAE/FG Tr. Acc.
"Project 1" 150 0.484 0.230 27466.2 -
"Project 1" 50 0.601 0.287 15330.8 0.761
"Project 1" 35 0.455 0.009 25951.6 0.650
"Project 1" 20 0.318 0.000 19692.6 0.380

Table 5.20: Results from training XGBoost models on all available data for
"Project 1", using different numbers of estimators n_estimators. "Acc." corresponds
to the achieved validation accuracy during evaluation, and "Tr. Acc" represents the
training accuracy.
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Dataset n_estimators Acc. Acc. FG MAE/FG Tr. Acc.
"Project 2" 50 0.602 0.287 15330.8 0.900
"Project 2" 35 0.558 0.152 15343.0 0.996
"Project 2" 15 0.431 0.012 15680.6 0.996

Table 5.21: Results from training XGBoost models on all available data for
"Project 2", using different numbers of estimators n_estimators. "Acc." corresponds
to the achieved validation accuracy during evaluation, and "Tr. Acc" represents the
training accuracy.

Dataset n_estimators Acc. Acc. FG MAE/FG Tr. Acc.
"Project 3" 50 0.149 0.156 21354.1 0.930
"Project 3" 35 0.151 0.167 21350.3 0.803
"Project 3" 20 0.211 0.156 15695.2 0.516

Table 5.22: Results from training XGBoost models on all available data for
"Project 3" using different numbers of estimators n_estimators. "Acc." corresponds
to the achieved validation accuracy during evaluation, and "Tr. Acc" represents the
training accuracy.

In the tables above, it can be observed that for both "Project 1" and
"Project 2", the models with 50 n_estimators achieved the highest
validation accuracy. In addition, overfitting can be observed in nearly
all of the models. The model for "Project 1" was the sole model
where training and validation accuracy moderately aligned. The best-
performing model for "Project 3" was the model with 15 estimators,
achieving a validation accuracy of 21%. These models were evaluated
on test vehicles, and the results are presented below.

5.2.3.1 Testing of models trained on the large dataset

The best model for each of the car projects was tested on two full
vehicle configurations, as described in Section 4.3.3.1. The results
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from the evaluation of the "Project 1" model are found in Table 5.23,
the results from "Project 2" in Table 5.24 and the remaining models
in Table 5.25. To test the models on vehicles from another car project
was not possible due to a mismatch in input dimensions.

Car Model In Large Dataset Acc. Acc. FG
"Project 1" yes 0.289 0.004
"Project 1" no 0.332 0.008

Table 5.23: Results from testing the XGBoost model trained on the large dataset
for "Project 1" on two different full vehicle configurations. "Acc." refers to testing
accuracy.

Car Model In Large Dataset Acc. Acc. FG
"Project 2" yes 0.795 0.435
"Project 2" no 0.410 0.222

Table 5.24: Results from testing the XGBoost model trained on "Project 2" on
two different full vehicle configurations. "Acc." refers to testing accuracy.

Car Model In Large Dataset Acc. Acc. FG
"Project 3" yes 0.312 0.006
"Project 3" no 0.167 0.000

Table 5.25: Results from testing the XGBoost model trained on the dataset from
"Project 3" on three different full vehicle configurations. "Acc." refers to testing
accuracy.
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From the conducted experiments, it can be concluded that the ensem-
ble models generally outperformed the neural networks. The highest
validation performance was achieved by the XGBoost model trained
on preprocessing version 2 of the medium dataset, reaching an overall
accuracy of 84% (see Table 5.10). Despite this, none of the mod-
els achieved satisfactory test results. The rationality of the results is
discussed in the following sections, including the strengths and weak-
nesses identified during the process.

6.1 Results of neural network models

When the neural network models were implemented, two main issues
were identified. First, the models did not achieve desirable results,
and secondly, the validation loss was lower than the training loss for
some model configurations. Plausible causes of these observations will
be evaluated in the following subsections.

6.1.1 Unfavourable results

The unfavourable results of the neural network models can be due to
several factors. One main concern is that the purpose of the model is to
detect fine distinctions in the data. To demonstrate this, an example
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is provided. Consider the unpadded vector with the input weights in
equation 6.1, and the corresponding target values in equation 6.2.

yn =
[
0 0 1 2 16 103 1264 30157

]
∈ R1×7 (6.1)

yn =
[
0 0 1 2 16 103 5264 38157

]
∈ R1×7 (6.2)

The numerical difference between the two vectors is minimal; only two
numbers differ. The magnitude of the difference is, by contrast, more
significant. Neural networks are perceived as strong when it comes
to detecting fine details. However, the model’s performance depends
heavily on the hyperparameters and the quality of the data. In this
project, the data can most certainly be considered noisy, since several
errors in the input data will occur, and this will worsen the model’s
performance. Furthermore, as frequently emphasised earlier in this
report, neural network models are sensitive to hyperparameter tuning
and the choice of feature engineering. Not all potential combinations
of hyperparameters have been investigated, and there remains a possi-
bility that the optimal configurations of hyperparameters for this use
case have not yet been found. Regarding the feature engineering, a
substantial amount of time and effort was put into finding the optimal
methods for scaling, encoding and processing the features for model
training, but also this was restricted to a finite number of options as
a result of time constraints.

Convolutional Neural Networks (CNNs) are commonly more proficient
in detail detection in regression tasks, compared to feedforward neu-
ral networks. Nevertheless, due to time limitations and the massive
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dataset handled in this project, CNNs were not implemented. An-
other possible reason for the mediocre results of the neural network
models is that an early version of the preprocessing pipeline was used.
This pipeline did, for example, include LabelEncoder instead of Or-
dinalEncoder, and it did not exclude the samples with incorrectly
adjusted label weights. In this context, incorrect refers to a discrep-
ancy between the CAD and the PLM weights larger than 500 grams,
which can occur when the calculations were not intended to apply to
all function groups.

6.1.2 Validation loss exceeds training loss

The second issue worth discussing, the divergence in loss curves, in-
dicates an error in model implementation, data leakage, or that the
validation data is significantly less complex than the training data. In
this project, the implementation of the model was carefully investi-
gated and benchmarked against similar deployments, leading to the
latter two being the most reasonable causes. Since the input weights
are repeatedly similar to the target values, data leakage is possibly an
issue. This is not data leakage in the conventional sense, where data
that is inaccessible during inference is used as input to the model.
Instead, this can be considered data leakage since, for some samples,
the input data corresponds exactly to the target data. Additionally,
there is a possibility that the validation data is occasionally less com-
plex than the training data. The validation set is smaller than the
training set, hence, there is a greater possibility for complex samples
to appear in the training data. Samples with target weights that differ
significantly compared to the input weights can be seen as complex in
this case.
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Regularisation techniques and data augmentation are additional fac-
tors that can cause the appearance of a validation loss lower than the
training loss. However, this does not apply to this project since nei-
ther regularisation techniques nor data augmentation were applied to
the data.

6.2 Results of ensemble models

The following section discusses the ensemble model results, covering
topics such as hyperparameter tuning, the transparency of ensemble
models, and the unsatisfactory test outcomes.

6.2.1 Hyperparameter tuning

When conducting the small and medium dataset experiments, all mod-
els were trained with their default parameters. Hyperparameter tun-
ing was not performed until a single model and preprocessing version
were chosen, meaning that only the XGBoost model underwent hy-
perparameter optimisation. The main motivation behind this choice
was the extensive training times, and to perform grid search for hyper-
parameter tuning for all the models and preprocessing versions would
not have been feasible within the time frame of this thesis. Due to
this scoping, one can not exclude that there exist configurations of the
other five ensemble models, excluded during the tests, that could have
performed better than the final version of the XGBoost model.

6.2.2 Transparency

Generally speaking, ensemble models provide limited insights into the
training process. Unlike neural networks, where training can be con-
sistently monitored and evaluated for each epoch, ensemble models
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do not offer the same level of transparency. As ensemble models rely
on aggregating the results of weak learners, tracking their progression
and understanding their behaviour becomes challenging. As a result,
it becomes difficult to identify potential adjustments or improvements
when unsatisfactory results are achieved. However, hyperparameter
tuning and result analysis can provide some insight into ensemble
models, ideally by hyperparameter optimisation methods, such as grid
search. Nevertheless, due to time-intensive model training, only a lim-
ited set of hyperparameters and values was tuned during the medium
and large dataset experiments.

6.2.3 Evaluation

During the validation phase of the medium dataset experiment, the
XGBoost model trained on the preprocessing version 2 achieved the
best results, with an overall accuracy of 84% and a function group
accuracy of 78%. However, the testing results were less encouraging.
Overall accuracy and function group accuracy for the three car con-
figurations within the initial testing were 91% and 80%, 26% and 0%
and 26% and 0%. This indicates that the model could not produce
satisfactory results for vehicles it had not been trained on, indepen-
dent of the believed similarities to the training data. Due to these
results and the fact that the training accuracy was higher than the
validation accuracy, it became evident that the model had been over-
fitted to the training data. Consequently, various attempts to reduce
the overfitting were conducted by preprocessing changes and hyperpa-
rameter tuning. Regardless of these actions, testing results remained
undesirable. If overfitting were the only issue, reducing model com-
plexity would likely result in slightly lower performance on the car
configuration that was a part of the training data, while the model’s
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performance on the two other car configurations, which were not part
of the training data, would improve. However, this trend was not
observed. Instead, all testing results worsened. This suggests that
with reduced model complexity, the model could not even predict the
instances of the training data, and generalisation had not been im-
proved.

By analysis of the medium dataset experiment and its outcomes, it
was believed that these results might have been a consequence of in-
sufficient training data. Nevertheless, the models trained on the large
dataset, the "Project 2" dataset and the "Project 3" dataset showed
poor generalisation abilities too. A test accuracy for unseen data re-
markably higher than the training accuracy was observed across nearly
all training sessions. When less complex models were examined, it be-
came evident that the simpler models were incapable of capturing data
patterns at all. One can consider the models to be of high variance,
meaning that they are sensitive to the specific training data. This
implies that if the data changes slightly, the predictions become com-
pletely different. Gathering all these results, it can be concluded that
the issue is not in the lack of training samples per se, but rather it can
be explained by the large variation in samples. The issue is further
elaborated in Section 6.4.

Even though the results of the ensemble models do not meet the ex-
pected performance, it can be concluded that ensemble models are
preferred over neural networks for this specific task and data. Al-
though neural networks were not explored with the final versions of
preprocessing, they performed remarkably worse with consistency dur-
ing all previous preprocessing versions. Ensemble models commonly
outperform neural networks when the dataset is sparse and when the
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data relationship is irregular; thus, the results are reasonable.

6.3 Limitations of the preprocessing

The presented results are based on a set of selected preprocessing
versions that showed the most promising performance during devel-
opment. Although many different approaches had been tested, the
versions that ultimately were used were those that had generated the
best performance so far. Since preprocessing strategies were evaluated
iteratively, some approaches showed potential at different stages. This
suggests that further exploration of ways to preprocess the data could
still lead to improvement.

As discussed in the results section, the effectiveness of the different
preprocessing strategies varied across datasets. Between the small and
medium datasets for ensemble models, the results were reversed. For
the small dataset, which includes four car configurations, the prepro-
cessing version using a 200-gram original weight difference threshold
performed better. In contrast, the 0-gram threshold yielded superior
results for the medium dataset, which comprises ten car configura-
tions. For the large dataset, comprised of all available car configu-
rations, the results are more diverse. Preprocessing versions 1 and
2 yield lower losses, whilst versions 3 and 4 are better in terms of
the accuracy metrics. Gathering these results, a definitive conclusion
about how this specific difference in preprocessing affects the model’s
performance cannot be established. Instead, the impact appears to
vary depending on dataset size and the degree of variability between
samples. However, it can be concluded that the scaling before or after
padding did not affect the results remarkably in any of the performed
tests.
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There is potential for improvement in the preprocessing pipeline. The
final pipeline encodes textual features using OrdinalEncoder, which
does not truly capture the relationships between certain components.
This is illustrated in Table 2.1 and Table 2.2. Using a different data
structure, the implementation of TfidfVectorizer could be feasible,
which will most likely be a suitable encoding method for this prob-
lem. Furthermore, some categorical features are scaled as numerical
features, even though the numerical values do not represent a mag-
nitude, and some numerical features are encoded as textual features.
This can happen if a column with numerical values in the CSV file
contains an error, as "VALUE", resulting in the whole column be-
ing preprocessed as textual. To solve this issue, one can manually
decide which columns should be scaled and which ones should be en-
coded. This was considered inadequate, since all future columns must
be named equally to the ones in the training data, and the goal was to
prevent hard-coding the preprocessing function to the fullest extent.

Another preprocessing adjustment that is believed to potentially im-
prove performance is sorting the components based on position instead
of weight. The original weight of the components may vary between
the car configurations, which implies that the sequence of components
in a function group will also differ between the car configurations. This
may be less intuitive to the model than if components in a function
group were consistently sorted by position. Additionally, an error in
the input weight will affect the component order negatively.

6.4 General limitations of the results

The datasets are high-dimensional, which affects the training time and
model alternatives. Consider, for example, the medium-sized dataset,
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which comprises just under 80,000 values in one sample divided into
150 columns. In contrast to several other large-dimensional datasets
for machine learning training, the medium-sized dataset is charac-
terised by a high degree of diversity, meaning there is an absence of
repeated instances within the dataset. For example, one version of
the medium dataset applied to the ensemble models contained 358
samples, all of them being unique. In addition, the majority of the
features exhibit exclusively unique values in the datasets. It is highly
recommended in machine learning to have many similar samples in
the dataset to improve generalisability and to better capture the rela-
tionships in the data. This was not possible to achieve in this project,
due to a lack of data and the array format of the samples. For exam-
ple, an array with the values ["Screw", "Steering Wheel", "Motor"] is
not considered the same value as ["Screw", "Motor", "Steering Wheel"].
This, too, can be a reason for the suboptimal results.

When initially reviewing literature on multi-output regression, neu-
ral networks and ensemble models appeared as promising candidates.
However, the large dimensionality of the target data in this project
might impact the performance of models. The size of the CAD and
PLM output varies depending on the dataset size and the preprocess-
ing approach. In some cases, both output lengths are of size 1500.
This means that the model shall be able to predict 1500 weights per
sample, which is a complex task and may be one of the contributing
factors to the unsatisfactory results.

6.5 Future outlook of the model development

The plan was to implement the best-performing model as a part of a
pipeline for performing data harmonisation to enable axial weight dis-
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tribution calculations and centre of gravity prognosis. Even the model
that achieved the best test accuracy was considered inadequate, and
consequently, no model was implemented in the pipeline. As explained
in Section 4.5, a pipeline was constructed, nonetheless, where a ma-
chine learning model can be integrated if an optimal one is found in
further studies. All relevant content developed in the course of this
project, including experiments with machine learning models, the pre-
processing pipeline and the final pipeline for data harmonisation, will
be stored in Databricks. Suggestions regarding future steps to explore
are presented in the following subsection.

6.5.1 Future work

Early in the process, it was decided that the most suitable way to
structure the data was in an array format, where all components that
share the same function group are arranged into an array per column.
The motivation behind this is the possible discrepancy in the number
of CAD and PLM components in a function group. More information
about this is found in Section 3.1 about the data harmonisation pro-
cess. The initial thought was to use a combined model for the output
of CAD and PLM weights, but to separate the two outputs turned
out to be a more advantageous approach. To structure the data in
an array format, however, might not be the most optimal one for the
machine learning model in retrospect. A possibility that could be
explored in future work is to keep the components one by one, as sep-
arate samples, and separating the CAD and the PLM components in
two models with one training dataset each. Challenges will arise with
this; however, if a solution to this issue is encountered, it would be of
great value. With another data structure, other feature engineering
techniques, methods for feature selection and machine learning models

90



6. Discussion

might be possible.
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Conclusion

One of the main research questions this thesis sought to answer was
whether it was possible to construct an automated pipeline in Python
to perform data harmonisation, axial weight distribution, and centre of
gravity prognosis. A substantial amount of time and effort during the
thesis was devoted to the data harmonisation part of this question,
and more specifically to answer the research question of whether a
machine learning model can predict the correct weights with sufficient
test accuracy and thereby facilitate the manual data harmonisation
process.

Answering the latter question involved a thorough investigation of
various machine learning models suitable for multi-output regression,
focusing on two main categories: neural networks and ensemble meth-
ods. Prior to this and concurrently with model development, prepro-
cessing approaches were designed and iteratively refined. Although
improvements could be observed from the various actions, none of
the explored models achieved an acceptable function group accuracy
above 70% for testing.

In parallel with model development, the automated pipeline was con-
structed, including preprocessing, weight prediction, axial weight dis-
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tribution and centre of gravity prognosis. However, when it was es-
tablished that no model with acceptable performance had been found,
it was decided not to take the development and implementation of
the automated pipeline further. This decision was taken as the auto-
mated pipeline does not hold value in itself without the model that
can perform automated data harmonisation. Nevertheless, if a ma-
chine learning model with desired performance is developed, it can
easily be integrated within the automated pipeline. It is worth men-
tioning, though, that since the development of the pipeline was inter-
rupted, the research question of how outputs from the pipeline can be
visualised in an accessible way, with the possibility of making manual
adjustments, was not fully examined. Thus, there are still potential
improvements that can be made to the automated pipeline.

Although none of the models explored reached the expected level of
performance during the testing, several conclusions can still be drawn.
First, the ensemble models consistently outperformed the neural net-
works for the various datasets used in this thesis. Among the tested
ensemble models (the AdaBoost Regressor, the Extra Trees Regressor,
the Gradient Boosting Regressor, the Random Forest Regressor and
the XGBoost Regressor), the XGBoost Regressor demonstrated the
best validation performance. The second-best validation performance
was achieved by the Extra Trees Regressor. Meanwhile, the AdaBoost
Regressor, Gradient Boosting Regressor, and Random Forest Regres-
sor were excluded following the first experiment due to their lower
validation performance.

Even though some of the ensemble models showed promising validation
results, their test performance fell short of expectations and require-
ments. It became evident that the models could not correctly predict
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component weights with sufficient accuracy for vehicle configurations
that they had not been trained on, despite the believed similarities
between car configurations. Initially, it was believed that this was a
result of overfitted models; nevertheless, after various attempts to re-
duce overfitting, it could be concluded that this was not the only issue.
Following this, it was considered appropriate to use a larger training
set to determine whether the poor performance was due to insufficient
training data. Since the results remained unsatisfactory, it could be
concluded that the issue was not due to a lack of training samples but
rather the significant variation within the samples.

The primary suggestion for future work lies in the domain of prepro-
cessing, and more specifically, to consider an alternative approach to
represent the data. The current array structure, which is a conse-
quence of grouping the components based on function group, might
not have been the most optimal choice. Alternatively, representing
the components individually may facilitate better interpretability by
machine learning models and potentially lead to reduced sample vari-
ability.

The final aim of this thesis was to implement a machine learning model
as a tool for data harmonisation to enable necessary computations. Al-
though this was not achieved with desired success, this study can be
considered a guideline for further attempts to create such a tool. There
are other machine learning models to investigate, but the primary fo-
cus in further work should preferably be on ensemble models, since
they demonstrated the ability to fit the training and validation data
successfully. There remain numerous hyperparameters to be optimised
and multiple ways of restructuring the data to enhance model perfor-
mance. Hence, the results do not indicate that using ensemble models
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for predicting vehicle component weights is unsuitable, but rather that
the optimal way of formulating this problem was not found.
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