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Abstract

Machine Learning and Deep Learning have gained signi cant traction, playing a piv-
otal role in addressing a myriad of challenges across various domains. In particular,
we decide to exploit them in order to solve numerous tasks as car pose classi cation,
regression of EES (Equivalent Energy Speed), car damage segmentation and 3D re-
construction from images and videos. This thesis will present the methods used to

solve these problems, along with possible future improvements.
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Chapter 1

Introduction

The main goal of this work, developed within the company DataVision s.r.o. during
an internship, is to research and provide several tools for the diagnosis and forensics
of car accidents. This was accomplished by exploiting Deep Learning and Computer
Vision technologies in order to train models able to solve task like the classi cation
of the pose of the car from an image (car pose classi cation) and the estimation of
the Energy Equivalent Speed (EES), namely the energy equivalent to crashing into
a wall at a certain speed expressed in km/h. Furthermore, models for car damage
detection and segmentation, and 3d reconstruction have been developed using the

latest technologies available in order to provide a complete overview of the accident.

To achieve these goals, several models and strategies have been employed: classi ca-
tion and regression models, cross validation and many others that will be explained

deeply in the next chapters.

The project started as a proof of concept for an external company, which provided
us with his data, and then moved to an internal project with the development of
the segmentation and 3d reconstruction tools.

The aim of the project is to build an all-encompassing system of tools able to di-
agnose and analyse the context of a car collision, in order to gather all the possible
information from the scene and provide the user with a full overview over the ac-

cident. Then, once the data are processed, the collision can be well documented in



order to ensure a correct and righteous possible trial and insurance resolution.

In this way, a model able to estimate the energy dissipated in the crash is needed,
and in order to make the predictions more accurate we also need a model able to
classify which area of the car have been damaged, since the consistency of the dam-
age of course depends on the di erent rigidity of the part involved.

In addition to that, to have a proof of the correct disposition of the vehicles at the
moment of the accident an easy to use 3d reconstruction model is fundamental. It is
useful as a proof having a model that from a video builds a 3d render of the scene,
enabling the user to better analyse the dynamic of the collision.

In addition a model that is able to spot the damage on the cars and segment the
precise areas that are involved is fundamental to estimate and quantify the amount
of damages, both to predict the entity and type of the damage and which parts of

the car need to be replaced.

1.1 Proposed solutions

This section is meant to give a brief overview over the solutions adopted to solve the
problems assigned during the internship. The choice of technologies able to solve
the tasks de ned have been guided everytime by the research of the actual state of
the art in order to o er the best possible product and results.

For the car pose classi cation task, discussed in Chapter 3, a pre-trained Resnet50
[10] served as a backbone for the classi er model, attached to a netuned classi ca-
tion head. The choice of the Resnet was obvious since it achieves the state of the
art in many classi cation task. Furthermore, it strikes a favorable balance between
performance and training speed. Its ease of extensibility stems from the straightfor-
ward training of deeper ResNet models facilitated by residual connections. Given
the ongoing expansion of the dataset, the potential need for employing a deeper
network in the future is foreseeable.

Even for the EES regression a Resnet [10] was used in order to extract features
from car crash images, which have been used per se or combined with the numerical
features such as rigidity, brand, etc. to estimate the target. Here the focus was also

on best practices to preprocess and label both image and numerical data, since we



were dealing with a very small dataset, initially composed of barely 400 instances.
As a consequence, cross validation was employed in order to check if the model was
able to generalize well and not over t on the train data.

For the detection and segmentation of the damages on cars bodywork, described in

Chapter 5, 2 models have been selected:

N

Mask-RCNN [7] : this has been the state of the art in segmentation and
detection area for a long time, it represent a go-to, easy to train and con gure

base model. It was used as a rst approach to this task.

A

YoloV8[2] : the new frontier for vision Al, since its release have gained the
state of the art title in many vision tasks. In the solution implemented it

represents the technology that is used to solve the task.

Then, for the 3d rendering task, described in Chapter 6, we decided to employ the
latest models from the Neural Radiance Fields [12] area. Thanks to this technology
we can synthetize a 3D render directly from a video or even from few images, as
it will be explained in the next chapters, by exploiting neural networks that can
perform a di erentiable learning in order to reconstruct the 3D scene topology.

In particular this was an opportunity to work with Gaussian Splatting [11], a very
recent 3D rendering model that came out during the timeframe of the internship.
Gaussian Splatting is peculiar for its extremely brilliant results, comparable and even
better to those produced by MipNerf360[3], the State of the Art in this context. But
the main characteristic is that it reduces the training time of a single scene from
days to hours, allowing for an almost real time rendering.

For the last part of the work we also wanted to try to render the 3D scene from a
single image. We initially employed PixelNerf [17] but the results were not too good.
However after Gaussian Splatting was released, DreamGaussian [16] was designed
to solve the single image rendering task and we tested out on our images. Although
this results are not brilliant as for videos, the ability to predict unseen views are

promising, opening the path for the future of vision Al.



Chapter 2

Infrastructure

2.1 Data annotation platform

The platform that we used to store, annotate and store the data is called BeeYard.
BeeYard, an in-progress platform owned by the company, assists data scientists in
every step of the Machine Learning Operations process, encompassing data gather-
ing and structuring, annotation and categorization, and testing and advancement,
to deploy machine learning algorithms reliably, stably, and at scale.

BeeYard aids data scientists at each stage of the machine learning project. For
instance, it facilitates the creation of well-organized datasets accessible to all stake-
holders through secure and managed channels.

The user can make use of the hybrid cloud capability to move data between edge
and cloud infrastructures. When dealing with extensive machine learning tasks and
experimenting with di erent hypotheses, one has the option to utilize either Bee-
Yard's cloud infrastructure or their own private cloud. This hybrid cloud setup
combines on-premises or private cloud infrastructure with a public cloud, enabling
the transfer of data and applications between the two environments.

Additionally, it o ers numerous functionalities to ensure the security and reliability

of the dataset. Users have the ability to arrange the data into workspaces with
predetermined limitations. Then it o ers increased exibility, various deployment
options, enhanced security, compliance, and the ability to maximize existing infras-

tructure.



Pre-established, organizational annotation labels along with additional annotation
resources can be implemented to maintain uniform data and decrease inaccuracies
caused by human annotators.

BeeYard o ers a robust set of tools for annotation, signi cantly reducing the time
needed to annotate a dataset. This allows for the distribution of annotation tasks
to annotators located worldwide.

It also enables the training of complex neural networks or running predictable al-
gorithms on extensive datasets. In the process, it e ortlessly gathers performance
metrics for the user.

Because of its open architecture, BeeYard o ers the possibility of constructing com-
posite Al models by combining non-deterministic algorithms with deterministic al-
gorithms. These models have the advantage of enhanced performance and improved
ability to provide explanations.

Then each model trained or executed on the platform can be saved and stored, kept
open for future versioning or manteinance.

One of the main features that make BeeYard crucially useful is its power to max-
imize the potential of cloud computing for algorithm development. By making it
straightforward to transfer workloads onto more potent infrastructures, it helps to
shorten iterative stages. Implementing this technique is far more expedient than
utilizing less powerful in-house resources when developing machine learning models.
Essentially, BeeYard enables faster development of critical machine learning models
in the cloud instead of relying on local computers with fewer resources.

For the backend, a custom API was developed to facilitate the utilization of a Python
SDK. This allowed for seamless integration and utilization of the SDK's capabilities.
On the frontend, the focus was on image visualization, annotation, and annotation
correction. The images were stored in "cells,” which served as groups for images
associated with the same cars or collision scenes. These cells were labeled with tags
aimed at expressing and enabling searchability of shared properties among cells and
evey image was also labeled with other tags. Also every cell expose a properties
eld where a set of data at our disposal can be stored in order to better describe
the cell itself.

In addition, the cells provided the option to incorporate additional les to enhance
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the explanation within the cell or insert "annotations" on top of the images without
altering them.

Image 2.1 show how a cell look like in BeeYard.

Figure 2.1: An example BeeYard cell

2.2 Hardware and software used

The experiments have been run on two devices:

" Trainer01: GPU NVIDIA GeForce GTX 1080 with 12 GB of RAM running
on Ubuntu server 20.04. Server with 31 GB RAM, 125 GB SSD, 503 GB HDD,
and CPU: 4x Intel(R) Core(TM) i7-10700KF CPU @ 3.80GHz.

" Trainer02 : GPU NVIDIA GeForce RTX A600 with 51.5 GB of RAM running
on Ubuntu server 20.04. Server with 49 GB RAM, 125 GB SSD, 503 GB HDD,
and CPU: 4x Intel(R) Core(TM) i7-10700KF CPU @ 3.80GHz.

The communication with the GPU was established through an SSH connection on a
dedicated machine that operated constantly in a server room. Consequently, it was

unnecessary to maintain a continuous connection with the GPU, enabling extended
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periods of training.

A signi cant bene t was the ability of caching images on the local machine, enabling
the proxy to check for their existence in the cache whenever the script downloads
them. Additionally, the proxy would verify if the cached image was still up to date.

In cases where it was, the image would be served directly from the cache, eliminating
the need to download it from the cloud. On the other hand, if the image was not
present or outdated in the cache, it would be fetched from the cloud and then stored
in the cache. As a result, this feature accelerated the training process by avoiding
repetitive downloads of images from the cloud, as they were readily available in the

cache.

To begin with, we used the SDK to gather all images classi ed by certain tags
by creating a query that speci ed the required tags and attributes in MongoDB.
This allowed us to extract a list of cell entities encompassing all necessary details
and attachments in a JSON format from the response to this query. This processed
data then proved to be usable on the backend side with Python to construct our
dataset.

The SDK also encompassed various additional features such as the option to append
tags to the images, apply overlays for visually representing the tags on the image, in-
corporate les containing the training statistics, and several other functions. These
functionalities aimed to enable and streamline the utilization of all the capabilities

provided by BeeYard on the backend.



Chapter 3

Car Pose Classi er

In this chapter the methodologies and strategies used to build the neural network
for the car pose classi cation task are explained. The task consist of analyzing an
input image of a car and then classify its pose into 3 categories: Front, Back and

Lateral.

3.1 Dataset

To facilitate the model training process, two distinct datasets were employed. The
initial dataset, of a proprietary nature, was hosted on BeeYard but was not anno-

tated, while the subsequent dataset was sourced from online repositories [1].

3.1.1 BeeYard dataset

Initially, the purpose was to annotate the dataset on BeeYard with a model that was
iteratively fed with an enlarged dataset, composed by images that were classi ed by
the model itself and manually checked for errors everytime.

In fact, this dataset was not labeled but it only contained car images grouped in
cells, where among each cells were contained images of the same car. Each cell have
a tag "Brand" that speci es the brand of the car and every image has a tag that

speci es if the car in the picture is a render or a real car image.



This information was utilized for the meticulous labeling and curation of the dataset.
Our objective was to establish a well-balanced set, encompassing a diverse array
of cars from various brands, while maintaining an equitable distribution between
rendered and real images.

Furthermore, since these images are collected from reseller and automotive websites,
it can happen that some of them do not depict a car but advertisement, some details
on the bodywork, the internal or the engine. We have been labeling images like
these with tags Ads, Internal and Close, since we want our model, for this purpose,
to be able to distinguish and well categorize car images and separate them from

uninformative ones.

Figure 3.1: An example of an Internal car image, not useful for the task

The pipeline followed to annotate this dataset consisted in the following steps:
1. Manually annotate 100 cells, roughly 400 images.
2. Repeat:

(a) Train the model on the annotated data

(b) Select a new set of cells and run the inference on them
(c) Save the inferred results as tags

(d) Manually check and correct the inferred tags

The dataset was then split in train, validation and test with a proportion of 70-20-
10%.



3.1.2 Robo ow dataset

The dataset collected from RoboFlow[13] consists of 7690 car images divided in
classes Front, Rear, Lateral and Rejected. Since pictures of class Rejected are not
informative for the task, by representing collided and closeups on vehicles, they are

removed from the nal dataset.

Figure 3.2: Example of Front image from RoboFlow dataset

Di erently from the BeeYard dataset, here we had not to perform a rebalancing on

the dataset, since the collection of images appear to be heterogeneous.

The dataset comes already split in two folders Train and Test. Each folder contains
the respective images and a csv le "classes", which exposes for every lename a
one hot encoding for the possible pose classes.

The proportion on the train, validation and test split is the same as the one used
for the BeeYard dataset (70-20-10%).
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Figure 3.3: Train bal-  Figure 3.4: Validation  Figure 3.5: Test bal-
ance balance ance

Figure 3.6: Class balance analysis over the dataset

3.2 Data processing and augmentation

For both dataset target features have been represented with OneHot encoding, so
having a column for every class value, with a one or a zero if the instance is or not
of that class. This choice was made rstly because each class is mutually exclusive,
So it is not possible for an instance to assume two di erent values and secondly
because an order relationship between values does not exist in this case, so using a
label encoding makes no sense.

Regarding the images, for both dataset we decided to resize every image to a stan-
dard dimension of 224x224, then converting them to tensors and normalize them
with the mean and standard deviation of the ResNet used.

Then, for each of the two dataset a di erent processing was applied, since each one
of them exposes di erent characteristics.

For BeeYard one, we decided to augment the image by using grayscale, horizontal
ip and color jitter transforms on train and validation splits. This choice was guided

by the fact that since the images, especially in the rst stages, were very few then
we needed the model to see many di erent images as possible, preserving the seman-
tic meaning, in order to bring better results. For BeeYard's dataset augmentation,
our approach was rooted in the recognition that 'diversity in training data is the
cornerstone of robust model development." This philosophy aligns with the wisdom
shared by Geo rey Hinton, a trailblazer in neural networks, who emphasizes that

‘a model trained on a diverse set of augmented data is more likely to capture the

underlying features of the target domain'.
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On the other hand, regarding RoboFlow dataset, the number of images is not a
problem since we have enough of them. The approach employed in this context
was to introduce images with inherent noise to the model, thereby enhancing its
robustness and promoting broader generalization capabilities. Primarily grayscale
was applied with a certain percentage to augment the dataset, then we moved to the
appliance of Gaussian blur and Salt and Pepper noise. In particular we employed
the rst one with mean equal to 5 and standard deviation equal to 1, while the Salt

and Pepper percentage was set to 0.01. An example can be seen in image 3.7.

Figure 3.7: Example of augmentation on RoboFlow dataset.

These deliberate choices in augmentation techniques align with the fundamental
principle that noise introduces a layer of complexity essential for model resilience.
By progressively incorporating variations such as Gaussian blur and Salt and Pep-
per noise, we sought to expose the model to diverse environmental conditions it
might encounter during deployment. Through this meticulous approach to dataset

augmentation, encompassing both quantity and quality considerations, our aim was
to equip the model with the adaptability and robustness necessary for real-world

applications, where variability and unpredictability are inherent challenges.

Another noteworthy aspect is the continuous expansion of the BeeYard dataset.
Consequently, we opted to create a snapshot of the dataset in the form of a CSV
le, comprising the cell ID, image name, and corresponding label. This approach
allowed us to maintain consistency in the images used for testing the deep learning
model.

The process involved o ine handling during cell collection, where queries were em-

12



ployed to gather pertinent data. To ensure a streamlined structure, we refrained
from storing the actual images. Instead, we opted for a more lightweight snapshot,
containing only essential information|cell ID, image name, and label. This deci-

sion aimed at expediting the retrieval of images from BeeYard without the need to

re-extract label information from the dataset.

3.3 ResNeth0

The model used as a backbone for our neural network is a ResNet50 [10].
ResNet50, short for Residual Network with 50 layers, is a variant of the ResNet
architecture. Introduced the groundbreaking paper "Deep Residual Learning for
Image Recognition,"[10] ResNet50 is celebrated for its ability to tackle the chal-
lenges associated with training very deep neural networks.

Primarily, ResNet was chosen for the fact that it has consistently demonstrated to
be able to reach state of the art performance in many machine vision taks, making
it a robust choice, since we want our models to be as more accurate and reliable as
possible.

Another ResNet50's distinguishing feature lies in its deep structure, comprising 50
layers. This depth facilitates the extraction of intricate features, a crucial aspect in

the nuanced analysis required for car collision forensics.

Furthermore, ResNet introduces a new way to mitigate the vanishing gradient prob-
lem by introducing residual connections. This mechanism allows the network to
learn residual functions, making the training smoother and convergence faster.
More in detail, residual connections consist of connections that allows to skip of cer-
tain layers, enabling the ow of information across these layers without hindrance.
The residual block is structured to allow the model to learn the residual function,
which consists of the di erence between the input and output of a layer. Mathemat-

ically, if x is the input of our layer and F (x) is the corresponding transformation
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Figure 3.8: ResNet50 architecture and highlight on residual connection.

applied by the layer, then the output is:

y=F(X)+Xx

This allow the gradient to ow directly trough the skip connection, securing the
information from the input to be preserved.

It is also very important the fact that it is possible to use a pretrained version on
ImageNet dataset, which is extremely useful when dealing with very small dataset
as in our case. Since itis a very deep model training the whole architecture on such
small set of data could lead to bad over tting problems. On the other hand it is
still possible to netune its weights to exploit the whole architecture capabilities to
extract deep features.

In the end, its versatility stands out, allowing to develop solutions for the analysis

of images and numerical data, as we will see in the next chapter.

3.4 Architecture

Talking about the architecture employed to solve the task, a similar structure was

employed when dealing both with BeeYard and RoboFlow dataset.
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The image is processed initially by a ResNet50 producing a feature tensor with 1000
weights. Then this tensor is given as input to a deep classi cation head in order to
produce a label, categorizing the image into a pose. A diagram showing the general

architecture of the model can be seen in 3.9.

Figure 3.9: General architecture for car pose classi cation.

The main di erence in the architecture used for each of the dataset available con-
sisted in the employment of the backbone as it is, freezing its layer in a transfer
learning fashion or to netune also its weights.

Since in the case of the BeeYard dataset, especially in the rst stages we had to deal
with a very little amount of data a transfer learning approach was chosen in order
not to risk for an over tting. In this way, we prevent the model to adapt too much
on the training data, but at the same time perform badly on the test. In addition,
this allowed to train the model in a reduced amount of time, which was useful to
perform multiple test to tune the hyperparameters.

On the other hand, we were dealing with more images, then while using transfer
learning to check the initial performances, we decided to run a netuning also on
the backbone, by unfreezing its layers. In this case, we let the model to adapt to
our domain since here the risk of over tting is lower. Also in the future perspective
that more new data are added, it could be possible that by combining these new
dataset, we want our model to be domain speci ¢ and focus only on the task of pose
classi cation

Another di erence was the classi cation heads. For the RoboFlow dataset model we
decided to employ a sequential block composed by a linear layer with input dimen-

sion equal to the output dimension of the feature extractor and output dimension
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equal to 256, a Recti ed Linear Unit layer, or ReLU, a linear layer with input di-
mension = 256 and output dimension 64, another ReLu and the last linear layer
with input size 64 and output size equal to the number of classees. For the BeeYard
dataset we decided to use an even simpler model by removing the intermediate linear
layer and insert a Dropout layer after the rst ReLU.

Then a SoftMax activation function was employed, since we are dealing with a
multiclass classi cation problem, to map the outputs to a probability distribution
over the classes. To compare the outputs of the neural network to the true labels
CrossEntropy loss was computed at train time, while during test the maximum value

of this vector is computed, identifying the predicted label.

3.5 Parameters and hyperparameters

As stated before, the loss function that we wanted to minimize to make our model
learn is a Categorical Cross Entropy, since we are dealing with a multiclass classi -
cation task. This loss is de ned by 3.1.

X
Categorical Cross-Entropy Loss = yi log(pi) (3.2)

i=1
wherey; and p; are the are the groundtruth and the model score for each clasén
C.
For the optimizer, Adam with initial learning rate equal to 0.001 was used. Adaptive
Moment Estimation, shortly Adam, is an extension of the common SGD optimizer
which incorporate adaptive learning rate for every parameter. Usually it is preferred
over SGD for that reason, in fact it enables faster convergence, mitigating the need
for manual tuning. Additionally, the incorporation of momentum and RMSprop
features in Adam contributes to e cient optimization, resulting in improved con-
vergence performance.
Talking about the batch size, we made di erent experiments, but we tested out that
the one that scored the best was 16, representing a good trade o among frequency
of updates and dimension of the dataset.

Since the momentum is completely handled by the optimizer, we decided to focus
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on the learning rate by employing a scheduler. In particular the choice fell on Re-
duceLronPlateu, since we wanted a mechanism able to adapt the learning rate to
the validation loss in order to mitigate the possible over tting and lead to faster but
astute convergence. In particular we decided to be a little more aggressive setting
the patience to 3 and the multiplying factor to 0.1. We also pinned the verbose
option in order to check the updates in real time during the train.

For experiments, an early stopping mechanism was inserted in the training pipeline,
set with latency of 5 and a patience of 5, which means that the minimum number
of epochs performed are 10. This was done in order to make the train process faster
and be able to perform multiple runs to netune the parameters.

Then we set up the number of epochs to 20 and we decided to store the model
weights every time that the validation loss went below its minimum. In this way at

the end of the training we are left with the checkpoint of the best performing epoch.

3.6 Experiments and results

Regarding the BeeYard dataset, the evaluation on the inference of the model was
done manually by looking train after train the performances directly on the labels
assigned. In this case we run at least 10 di erent training, every time including the
previously tested out and corrected images in the train set, reaching nearly 2000
images available in total to train the model.

Since the main purpose is to annotate the dataset and we do not have original
annotated data, the evaluation was done by manually checking the images and the
assigned label in order to see if that was correct. By doing so we was also counting
out how many predictions were correct out of the total number of images. At the
end of the experiments, with our nal model the labels were assigned the correct
way in most of the cases, sometimes confusing Close, Ads and Unknown images.
This could be due to the fact that sometimes in Close images some details with text
(mainly the model or brand of the car) are shown, as it is in the other two labels for
obvious reasons (for example, it is common for Unknown images to show irrelevant
details of cars or machine manuals for example) and then it is possible that the

model makes confusion for this reason, as we can see in 3.10.
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Figure 3.10: Example of challenging distinctions between Close details (left) and
Unknown (right).

Furthermore, this error did not a ect our work in a bad way since our main focus
was to estimate car's poses and we preferred to classify them in the right way them,
instead of Ads or Unnkown.

On the other hand, we had an annotated test set at our disposal. For this reason,
we could proceed to evaluate the performances of the model with an appropriate
metric. In particular, F1 score was selected since it combines precision and recall
into a single metric, providing a balance between the two and a more robust metric
to evaluate our data.

The formula for the F1 score is de ned as the harmonic mean of precision and
recall. Precision (P) is the ratio of true positives to the sum of true positives and
false positives, and recall (R) is the ratio of true positives to the sum of true positives

and false negatives. The F1 score mathematical formulation is de ned by 3.2.

-2 (PR

F1= PR (3.2)

In particular, since we were dealing with a multiclass classi cation problem, we did

Front Lateral Rear
F1 Score| 0.99321574 0.99171271 0.998713

Table 3.1: Car pose classi cation F1 class scores.

not calculate an overall F-1 score. Instead, we computed the F-1 score per class in
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a one-vs-rest manner. The results in 3.1 show the extremely good performances of
our model. Boasting an impressive average F1 score, among the three classes, of
0:99454715, this model demonstrates production-worthy capabilities and long-term

maintainability.
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Chapter 4

EES Regression

In this chapter, the strategies and methodologies employed to tackle the EES re-
gression problem are explained and commented. This task was part of a proof of
concept requested from an external company and it consists in the estimation of the
EES, namely Equivalent Energy Speed, which is the vehicle speed equivalent to the
energy consumed to cause the vehicle deformation. Technically the task consists in
analyzing an input image, representing a car accident, and possibly some numerical

input values and then estimate the EES value for that car collision.

4.1 Dataset

Initially we had at our disposal a single image dataset, stored into BeeYard. Here
every cell represented a distinct car crash, described by a set of images showing the

collision and a set of attributes:

N

ees.
" brand .
" model.

" damage position .

" type of vehicle .

Since this dataset contained di erent type of vehicles, including bicycle, we Itered

our dataset to only contain automobiles, reducing the number of cells used from 481
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to 362.

Furthermore, the images were varying in size and exhibited sometimes low quality
as they have been gathered from numerous individuals using di erent devices.

In addition to that, the rigidity dataset was provided. The rigidity of a vehicle
part refers to its ability to resist deformation or distortion under applied forces.
Di erently from the other, it contained columns brand and model, the position in
the vehicle and the corresponding rigidity. Moreover it contained other 10 column

features, including weights, height, length, etc. .

Figure 4.1: An example of an image from EES dataset.

This set of data was used as a support for the rst one since it did not contain images
per se. It was combined with the rst one using columns 'model' and ‘brand' as key
to perform a join operation. Then, since rigidity changes based on the position of
the damage on the vehicle, we had to match the corresponding rigidity.

The primary challenge when combining the two datasets was the absence of all car
models and brands in the rigidity dataset, causing unmatched cells in BeeYard and
a reduction in available images. Additionally, variations in car models restyling
led to diverse bodyworks and, consequently, rigidity. To address this, an average
rigidity value was calculated for each speci ¢ brand, model, and position to mitigate

discrepancies arising from unde ned restyling in the BeeYard dataset.
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4.2 Data exploration and feature selection

Initially, we aimed to examine the distribution of the 'rigidity’ feature to ensure it

was not unbalanced, which could adversely a ect training behavior and outcomes.
We decided to plot a frequency histogram as we can see in 4.2. The distribution
appears to be not well balanced, with very distant values and not centered peak.

This could be a sign of outliers presence.

Figure 4.2: Rigidity distribution before IQR.

In order to deal with this problem IQR, namely InterQuantile Range, was employed.
This is a measure of the spread of the dataset and it is often used to identify and
eliminate outliers.

The IQR is calculated as the di erence between the third quartile (Q3) and the rst
quartile (Q1) of a dataset. The formula is as in 4.1.

To identify potential outliers, a common rule of thumb is to consider values that fall
below Q115IQR or aboveQ3 + 1:51QR . Data points outside this range are often

treated as outliers and are subject to removal.

IQR = Q3 Q1 (4.1)

We can see the result of this operation in 4.3. After this operation, the distribution

was well balanced and the dataset spread over the rigidity value was much more
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contained.

Figure 4.3: RIigidity distribution after IQR.

Talking about feature selection, we noticed that features di erent from 'brand’,
'model', 'damage position' and 'rigidity’ did not improve the model results. This

IS counter intuitive, since the more data the model is fed with, the more accurate
the results should be. As a consequence, we decided to investigate this strange phe-
nomena by using target correlation. The logic behind using correlation for feature
selection is that good variables correlate highly with the target, while bad variables
correlate poorly.

From what we have analyzed, we discovered that only the features cited above were
highly correlated with the target, while the others showed near zero correlation.

An idea that came to our mind trying to explain this phenomena was that per-
haps features like width, length, weight, ... are measure that were already took into

account in order to estimate rigidity and that feature engraves all of them into one.

4.3 Data Processing and Augmentation

This section is meant to show and explain the techniques used for the processing
and augmentation of both numerical and image data. Since we were dealing with
a very small amount of data we needed to carefully and accurately decide how to
transform them in order to get the best possible results. The whole dataset was

then randomly split into train (70%), validation (10%) and test (20%) sets.
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4.3.1 Image Data

Since images have di erent sizes, we decided to resize them to 512x512 pixels. This
choice was driven by the scarcity of data , additionally we wanted to preserve images
as similar to the originals as possible. Moreover we proceeded to convert them to
tensors and then apply normalization to prepare them for the ResNet processing.
Regarding augmentation, we decided to transform images to grayscale and perform
some horizontal ip in order to provide more variety in the dataset. The objective
was to inject diversity into the dataset due to its limited size. This approach aimed

to prevent over tting and enhance overall performance, ultimately seeking improved

results.

4.3.2 Categorical and Numerical features

The dataset contain both these types of features:

" rigidity: numerical features, takes oating point values that express the rigidity

of the car.

" model: categorical feature, string that express the model of the car.

A

brand: categorical feature, string that express the brand of the car.

Talking about 'rigidity’, since it is a numerical feature, normalization is a standard
preprocessing step that contributes to better machine learning model behavior. In
this case we employed a Min Max scaling technique to lie the values in the range of
0 and 1. This is important because few values might be very big and few might be
in small ranges, which is a behaviour that is not recommended in machine learning
scenarios.

Xscaled = X Xmin_ (4.2)

max Xmin

On the other hand, for the remaining categorical variables we had to decide which
type of encoding to employ. Here below a brief explanation of the di erent types of

encoding techniques considered.
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1. Label Encoding : the simplest one, yet the worse in this context since it
assign every possible value of each feature with an increasing number. In
our case the order between values is not needed since we are dealing with
car brands and models. Moreover, another possible problem is that since the
number of possible values is high, even considering that the dataset is small,
this kind of encoding can introduce a noise in the learning that makes a value
more "relevant” against one other. We tested it in our context for the very
rst trial, in order to have very fast initial deployment but we immediately

moved to other encoding techniques since they are more appropriate.

2. OneHot encoding : this is the recommended option when the categorical
feature do not need ordering in the encoding. In this case, we are representing
the variable as a binary vector where the binary vector is all zeros except for
the bit corresponding to the value, which is set to 1. The main drawback of
this approach is that when a feature assume a great number of di erent values,
the size of this vector grows incrementally, since we have to reserve a bit or
columns for every new value. Despite this, it is a completely fair choice to

encode categorical variables.

3. Target encoding : this is an encoding technique consisting in replacing a
categorical value with the mean of the target variable. Instead of representing
feature values with a binary vector, this encoding assigns each category a
numerical value corresponding to the average target feature value for that
category. This encoding is useful since it leverages information about the
target variable, potentially capturing relationships between predicting features

and the target.

In the end, we chose the OneHot encoding among the three approaches tested. It
represents a balanced trade o between simplicity and e ciency, as we just needed to
work with predictive features, di erently from target encoding where we are dealing

also with the target.
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4.4 Cross Validation

In machine learning and deep learning, the goal is to create a model that can make
accurate predictions on new and unseen data. To achieve this, we need to train it
on a dataset that is representative of the population we are trying to t. However,
simply training the model on a single fold can lead to over tting, where the model
becomes too complex and speci ¢ to the training data, leading to poor performance
on new data.

Moreover, since we were provided with a very small amount of data, we needed a
good practice that could demonstrate the model stability and consistency. What we
did not want to have, was a model that performed well when trained with a 'lucky’
portion of small data, tting it extremely well, while scoring poorly with other folds

of the dataset.

For this reason, Cross-validation proved to be a valuable tool in addressing this
iIssue, serving as a crucial instrument to tackle the problem e ectively.

In particular, Cross Validation was used to assess model architecture stability and
consistency before the "real" training: this was done in order to check if the random
splits are not lucky ones, to test if the model could mantain its performances on
every fold.

Cross Validation is a powerful technique that is a standard practice for evaluating
and validating machine and deep learning model. It helps to detect over tting and
provides a way to test if the model is consistent or not.

It involves dividing the dataset into multiple subsets and then using them iteratively

to train and validate the model.

In particular, K Cross Validation was employed. It involves dividing the data into

k equal-sized subsets or folds. The model is then trained on k-1 folds and validated
on the remaining fold. This process is repeated k times, with each fold being used
for validation exactly once. The process is shown in 4.4.

For our experiments, we performed two distinct tests on each developed model,
setting the k parameter to 5 and 7. As stated before, we wanted to be sure that our

model performances were not in uenced by the scarcity of data or the speci c train
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Figure 4.4: K Fold Cross Validation.

set that we randomly choose out of the whole dataset. The purpose was to test the
consistency of the the model in order to provide the client with trustable and stable

performances.

4.5 Architectures

For this task in particular, the focus was not only on parameters and hyperparame-
ters tuning, but also into nding the best deep learning architeture that could t the
problem. We moved from very basic regressor solutions to more sophisticated ones,
by combining the visual and numerical data that we had at our disposal, trying to
understand the deepest relationship and patterns to estimate the Energy Equivalent
Speed.

The image feature extractor used for this experiments is a ResNet50[10], an innova-
tive 50 layered deep learning architecture that established di erent state of the art

records in many visual tasks.

4.5.1 SVR

One of the rst model that we have tried, along with the single image one, was an
SVR, namely Support Vector Regressor, attached to a ResNet50 feature extractor.
The purpose was to extract image features with the ResNet50 and then use the SVR

as a regression head to predict the EES value.
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Figure 4.5: SVR model.

The goal of SVR is to nd a function that approximates the relationship between
the input features and the continuous target that we want to predict, by minimizing
the regression error.

Unlike Support Vector Machines (SVM), which are used for classi cation tasks, SVR
seeks to nd a hyperplane that best ts the data features in a continuous space. This
is achieved by mapping the input variables to a high-dimensional feature space and
nding the hyperplane that maximizes the margin (distance) between the hyper-

plane and the closest data points, while also minimizing the regression error.

Figure 4.6: SVR principles of functioning.

In particular, for the experiments that we carried out, we employed a linear kernel

for the SVR and we set the model parametelG to 1 and to 0.2. These parameters
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are used to control the regularization and the margin of tolerance for errors.

In particular, C controls the tradeo between achieving a low training error and an
high testing error. This is due to the fact that this parameters controls the penalty
for misclassi cation: a small value ofC makes the decision boundary smooth, and a
larger one aims to classify all training points correctly, potentially leading to a more
complex decision boundary.

On the other hand, is the margin of tolerance for errors in SVR. SVR allows some
errors within a distance of from the true regression function. This is particularly
useful when dealing with noisy data or when a perfect t is not possible or desired.
Back to our model, we subsequently fed our input image, after the aforemen-
tioned preprocessing, to the ResNet feature extractor, which gave us a tensor of
size (1,1000). Furthermore we t our SVR with all the features extracted from the
whole training images in order to predict the EES value.

The initial choice on the SVR was also made in accordance with Occam's razor
principle, by starting experimenting, especially when we are dealing with few data,
from easier solution rst and then moving to more complex ones. This is due to the
fact that a more complex model could lead to overt, while a more basic one is at

the same time more convenient and precise.

4.5.2 Single Image model

As mentioned in the previous section, the rst goals of this task included to develop
the easiest as possible solution. At that time, once we started working on this task,
we were not provided with rigidity data but only with the collisions image dataset.
For this reason we decided to employ a model that used a ResNet50 as feature
extractor and then a deep regression head to predict the EES value. The general

architecture of this model is shown in

The regression head was composed by a linear layer receiving features from the
ResNet feature extractor with an input dimension of 1000 and an output dimension
of 512, followed by a ReLU and a Dropout layer. Then we had the same connection

as before, where a ReLU and a Dropout are preceded by a linear layer receiving
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Figure 4.7: Single image model for EES regression.

input of size 512 and processing an output of size 256. All of that was nished by
a single linear layer that gives as output the regressed EES value from a 256 sized
tensor.

The overall performances with this model were surprisingly good, since it outper-
formed even the more complicated model developed, con rming that sometimes less

is better.

4.5.3 Multi Image model

This model came out from the idea that in our BeeYard dataset car accidents, each of
them described by a distinct cells, are described by multiple images. Additionally the
'human' idea that analyzing more data of the same context can make the prediction
more accurate was transferred to the development of this model.

The concept was to extract features from each one of the inter cell collision images,
then concatenate them and pass this feature vector to a regression head able to

predict the target value.

The main problem here was that every cell has a di erent number of images attached.
To solve this issue we analyzed the dataset discovering that for each cell, the dataset
contained maximum ve images.

Therefore the solution was to produce features from the image among the same cell,
then if in the cell there were less than ve images we passed to the feature extractor
the remaining number of images lled with zero values to reach the limit. In this
case, we were just attaching a vector of zeros to the concatenation of the other image
features in order to standardize the length of extracted features.

Consequently, these features are concatenated and passed trough a deep regressor.
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Figure 4.8: Multi Image model for EES regression.

This was composed by a linear layer accepting input features of size 5000 and output
size equal to 1024, followed by a ReLu and a Dropout. In addition to that, another
linear layer with input size 1024 and output size 512, concatenated to a ReLU and
a Dropout layer was added. The same was done with another linear layer accepting
input of size 512 and output size of 256, concluding with a nal linear layer converting
input tensor from size 256 to 1, which was the regressed output value.

Even if the idea was intuitive, results were the opposite since it performed worse
than the single image model. The reason could be due to the fact that there are
many cells with just a single image and in that case, four vectors of zeros introduced

too much noise and this a ected the performances of the model.

4.5.4 Single Image Mixed model

In this case, along with the image processing, the model takes into account also the
numerical features. Every collision image, analyzed independently, was connected
with its own model, brand and rigidity information, which were processed by a deep
feature extractor composed by linear layers each connected to a ReLU, that extracts
512 sized feature vectors.

In particular, it consisted of a sequential stack of fully connected layers with in-
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creasing dimensions (3 to 512), each followed by a Recti ed Linear Unit (ReLU)
activation function.

Then the features extracted from the image and the ones extracted from the numer-
ical features were concatenated and passed to an another network, which produced
the regression value. This was composed by a linear layer which took in input the
concatenated feature vector of size 1512 and output a tensor of size 512, and RelLU
is applied. Then it was processed by another linear layer which gave as output a
tensor of shape 256, which is then processed by a ReLU and a Dropout layers. Fi-

nally the last linear layer accepted this tensor and returned the regressed value.

Figure 4.9: Single Image Mixed model architecture for EES regression.

This demonstrated to be the best trade o between complexity and e ciency, giving

the best results obtained.

4.5.5 Multi Image Mixed model

For this model we decided to apply the previous successful idea of combining images
and numerical features, with the intuitive but not as successful idea of combining
images of the same car accident. We did not expect great results from this ex-
periment since the previous simpler trial, but we decided to try it for the sake of

completeness.

Then we processed the images with the same architecture used to extract concate-
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Figure 4.10: Multi Image Mixed model architecture for EES regression.

nated features from the 5 input images provided, and the same model also to extract
features from the numerical data, as in 4.5.3 and 4.5.4. Then we combined these
features as a concatenation, resulting into a tensor of size 5512.

These are now processed by a linear layer which returns a feature vector of size 1024,
and a RelLU is applied. Then another linear layer transforms the 1024 sized tensor
into one of size 512, with the appliance of a ReLU and a Dropout layer. Finally this
output was processed by another linear layer which gave out tensor of size 256, a
RelLU, a Dropout and the nal layer which returned the regressed value.

As expected results were worse than the one produced from the multi image model.
If previously the zero images introduced a noise component that disturbed the train-
ing, in this case these and the fact that we double processed the images and the
numerical features, led the model to confuse itself and not be able to reproduce
results similar to the others. Nevertheless, results were not extremely bad but it

resulted in the poorer performer.

4.6 Parameters and Hyperparameters

In this section the parameters and hyperparameters exploited to train and test our
model are presented. In particular, many di erent combinations of them were tried
for each model, but we found out that the parameters that gave the best results for
each model are slightly similar. Here will be presented the ones used to train the
most performant model.

For the optimizer we chose Adam with initial learning rate equal to 0.01. Then we
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used a learning rate scheduler ( ReduceLRonPlateu ) attached to the validation loss,
by setting the patience to 5 epochs and the division factor to 10. We tried also other
scheduler, but this proved to perform the better, maybe for its dynamical behavior.
For the batch size we selected 16, which represented a good trade o between the
frequency of weights updates and training time. In particular, bigger batch size
showed worse results, probably for the fact that, since data are scarce, the updates
were not enough.

Then we employed an early stopping mechanism with patience set to 10, meaning
that if the validation loss did not change substantially in 10 epochs, then the train

Is stopped. This is essential to prevent over tting and reduce training time.

We set the number of epochs to 50, since one epoch, including train and validation,
took 2 minutes approximately. We also saved the checkpoint of the model resulting

in the lowest validation loss, to store the best performing state of the model.

4.7 Loss Functions

For this task, we decided to experiment also with the selection of the loss functions,
given the nature of the dataset we had to work with. The choice of the loss function is
crucial as it directly in uences the learning process of a model, impacting its ability
to accurately optimize and generalize from the training data to unseen examples.
Selecting an appropriate loss function aligns the model's objectives with the task at
hand, in uencing the convergence behavior and overall performance.

Since we were dealing with a very complicate dataset, given the scarcity of images,
the focus of our analysis was on examining the potential in uence of outliers on
the training process. For this reason we decided to experiment a various number of
alternatives in order to deal and prevent this unwanted behavior.

In the end, the MSE was used for the tests and inference results obtained using this
loss are displayed in the next section.

In order to select the optimal loss, we trained every model architecture using every
loss among the ones presented in this section. Consequently, we compared, for each

model architecture separately, the scores obtained by using such losses. We observed
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that the one that gave the more stable and better scores were MSE, representing
the best trade-o among simplicity and e ectiveness. In particular, among every
losses MSE was the one that, for every model architecture, provided us with the
best scores. Even if it could be counterintuitive, since we experimented with very
complicated loss functions as Huber loss, then we can, again, address to the Occam's
Razor principle for which sometimes simpler options work better.

In the following section, all the loss functions employed in our experiments will be

presented.

4.7.1 MSE Loss

This was the very rst loss function used for this task. It is a standard choice in
regression task. It is the simplest and most common function, nonetheless one of

the most complete.

Figure 4.11: MSE loss function.

To calculate the MSE, it is necessary to take the di erence between the model's
predictions and the ground truth, square it, and average it out across the whole
dataset. The resulting loss will never be negative, since we are squaring the errors.
The MSE loss is formally de ned by 4.3.
1 X\I
MSE = N x v’ (4.3)

i=1
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The main advantage of MSE is that it is great for ensuring that the trained model
has no outlier predictions with huge errors, since the MSE puts larger weight on
these errors due to the squaring part of the function.

On the other hand, if the model makes a single very bad prediction, the squaring
part of the function magni es the error. In any case, we usually do not take this into
account since we are aiming for a well-rounded model that performs good enough

on the majority of the samples.

4.7.2 MAE Loss

The Mean Absolute Error is a little di erent from MSE, but this little di erence

introduces di erent behavior in the training of the models.

Figure 4.12: Comparison between MAE (red) and MSE (blue).

In fact, to calculate the MAE, one takes the di erence between the model's predic-
tions and the ground truth, apply the absolute value to that di erence, and then
average it out across the whole dataset. Hence , on the contrary of MSE, the square
of the error is not performed. MAE, as MSE, will never be negative since it is a
sum of absolute values of errors.
The MAE loss is formally de ned by 4.4.

MAE =

N @4



The main advantage is that, by considering the absolute values, every error con-
tributes uniformly on a linear scale. This ensures that, unlike MSE, outliers do not
overly in uence the outcome. Consequently, MAE loss function o ers a balanced
and comprehensive assessment of the model's performance.

On the other hand, the main disadvantage is that the large errors coming from the
outliers end up being weighted the exact same as lower errors. This could lead to
the model to perform exceptionally well in general, yet occasionally producing a few

notably inaccurate predictions.

4.7.3 Huber Loss

The Huber Loss o ers a good balance between MSE and MAE. In particular, it was
selected since it is pretty strong against outliers, being less sensitive to them than
the MSE as it treats error as square only inside an interval.

To easily explain 4.5, the loss depends on the error itself. In particular, for error

values lower than MSE is used, otherwise MAE is selected.

Figure 4.13: Comparison between MAE (red), MSE (blue) and Huber loss (green).

Utilizing MAE for larger loss values reduces the impact of outliers, ensuring a bal-
anced model. Simultaneously, employing MSE for smaller loss values maintains a
guadratic function near the center.
8
L= < y iy 9i< 4.5)

((y 9 3) otherwise
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As we can see from 4.13, Huber loss stands in the middle between MAE and MSE,
giving an intermediate importance to outliers. This was used to prevent outliers

impacting heavily on the training, also given the scarcity of data in the dataset.

4.7.4 Log-Cosh Loss

The Log-Cosh Loss function is a smooth approximation of the Mean Squared Error
(MSE) loss and is particularly useful in scenarios where one wants a robust loss
function that is less sensitive to outliers. The loss is formally described by 4.6
1 X
Log coshloss= N (cosh;i i) (4.6)

i=1

This loss was tried along with Huber loss to smooth the in uence of outliers on
the training phase. In particular, it is smoother than MSE because the hyperbolic
cosine function has a quadratic growth rate for large values, similar to the squared
term in the MSE loss. However, it doesn't explode as rapidly as the squared term,

making it less prone to being heavily in uenced by extreme values.

4.8 Analysis and comparison of the results

The metrics used to evaluate the results on the test set of the model developed were
the mean and the standard deviation of the distance from the correct prediction, as
requested from the client.

Results are displayed in table 4.1. We can see that the best performant model is
the one that combines the single accident image along with the numerical features:
this is probably due to the fact that its processing represents a good balance among
image and feature information extraction, exploiting all informative details from this
data.

SVM, one of the architecture rstly tested to solve the task, proved to be a solid
baseline, solving the problem with ease by not using any complicate deep learning

architecture unless ResNet as feature extractor.
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