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Abstract

With increasing global military spending, there is a growing need for modern train-
ing tools that can simulate realistic combat conditions without the risks and costs
associated with live ammunition. SAAB Training and Simulation addresses this
need with innovative laser-based systems that can be mounted on various weapon
platforms.

In certain situations, there is a need to provide real-time visual feedback by dis-
playing virtual projectiles and explosions on a video screen, such as inside vehicles,
enhancing training realism. This project aims to create automated testing capabil-
ities for the video-generating unit of this system by creating a program that can
detect the projectiles and explosions in the video feed.

Two dilerent object detection models were tested. One was an algorithmic de-
tection model called the Round Object Detector, which utilizes the Hough circle
algorithm due to its e [ciehcy in detecting circular shapes in an image. The other
model was the Faster Region-Based Convolutional Neural Network (Faster R-CNN)
for its capability to identify complex features. A synthetic dataset with diverse
backgrounds was created to train the Faster R-CNN, along with three manually
annotated datasets from the video-generating unit for model evaluation. A selective
detection technique enhanced detection accuracy by adjusting prediction confidences
based on expected projectile positions. The Faster R-CNN displayed high precision
across various backgrounds in the video generator tests, although recall varied, signi-
fying challenges in consistent object detection. The Round Object Detector achieved
high precision with simple backgrounds but struggled with detailed, colorful settings
due to limitations in color filtering, leading to increased false detections. Selective
detection marginally enhanced overall model performance, particularly improving
the Faster R-CNN'’s recall.

The project showed that the Faster R-CNN model could transfer its knowledge well
from the synthetic dataset to the analog video frames. The false positive predictions
were still few, but the false negative rate increased, which showed that fine-tuning
the model on an annotated dataset from the real application could be a way to
improve performance. The Round Object Detector performed significantly worse
than the Faster R-CNN model, and it proved to be the color filter that was the
main problem to get working correctly. Selective detection proved to be a useful
tool for the Faster R-CNN, where it improved recall, which was the main challenge
for both models when used on the video sequence.

Keywords: Object Detection, Faster R-CNN, Synthetic Dataset, Hough Circle Al-
gorithm, Selective Detection.
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1

Introduction

Amid growing military investments in Sweden and globally, the demand for advanced
training tools for soldiers is also increasing. SAAB Training and Simulation is at
the forefront of this development, specializing in innovative solutions that enhance
combat training. Their main product is a laser system that can be mounted on any
weapon of choice. These systems facilitate realistic shooting drills and war scenario
simulations without using live ammunition [1].

When the system is implemented on vehicles such as tanks, the projectile trajec-
tories, and explosions must be displayed on a video screen inside the tank to create
a realistic experience for the user. The system that generates these frames will
henceforth be called the "video mixer".

This chapter outlines the project's background, signi cance, and goals to achieve
with its results. Section 1.1 provides the background to the project, and Section 1.2
the aim together with the research questions.

1.1 Background

SAAB is exploring automating some testing processes for their video mixer to reduce
the time and resources required to validate the system. The initiative involves
developing a program that takes a video input sampled from a customer or within
SAAB and accurately detects projectiles and explosions within each frame.

The video mixer operates by receiving controller area network (CAN) messages
[2]. This network protocol facilitates communication between multiple devices in a
network without a central computer unit. These messages provide real-time updates
on the positions of projectiles and explosions.

Based on the CAN messages, the video mixer calculates the position of the pro-
jectiles and explosions. It then adds the projectiles to the video input based on the
calculated position and displays it on an analog screen.

The main challenge of this project lies in achieving a high detection accuracy.
If the detection accuracy is su ciently high, it will enable comparisons between
the observed positions on the screen and the expected positions based on initial
trajectory settings and viewing angles.

1.2 Aim

The project aims to create a program to detect the position of the projectiles and
explosions on the output frames from the video mixer. The detected location should

1



1. Introduction

be evaluated on an annotated set of frames to quantify the detection methods'
performance. Another aim is to explore how a machine learning (ML) model and
an algorithmic method perform the object detection task. The project also aims to
understand how an ML model trained on synthetic data can transfer its performance
to the real-world application [3].

The research questions chosen for this project are listed below:

How does an ML model trained on synthetic data transfer to analog video
frames?

How do ML models compare to algorithmic methods for detecting circular
objects in an analog video?

How do ML models and algorithms perform when circular objects are becoming
very small?

How can the known approximate location of an object improve the performance
of an object detector?

1.2.1 Limitations

Limitations must be de ned to investigate the selected research questions for this
project. This master's thesis project has time constraints due to the 20-week, full-
time study format equivalent to 30 ECTS. This constraint limits the amount of time
that can be put into the development and improvements of the object detection
models, which may a ect the performance and ndings of this project. Due to the
time limitations, there will not be any real-world image collection to use for the
datasets, but it will instead rely on publicly available data and images created by
generative arti cial intelligence (Al).

There are also limitations to what can be done to increase the detection perfor-
mance of the object detection methods. The animations of how the projectile and
explosion look are designed by SAAB, and that will not be changed during the
project. Neither will there be any changes made to the video mixer that a ect the
project, like changing any of the code or extracting information from inside the
system.

Since this project is taking place at SAAB, which works in the military industry,
rigorous security standards must be followed. It limits the type of software that can
be used, and all the work has to be done and stored on the local work computer.
This limits the types of open-source software and programming packages that can
be utilized during the project. The licenses also had to be free to use not only for
academic purposes but also for commercial use if SAAB wants to use the programs
created during this project in the future.

1.3 Ethics

Given SAAB's role in the defense industry, it is important to consider the ethical
implications of this project. SAAB Training and Simulation, where this project took
place, manufactures training equipment for militaries [1]. A successful project could
improve the training tools that SAAB sells to its customers. Improvements in the
training tools would, in turn, result in a better-prepared military in the case of an

2



1. Introduction

armed conict. This ethics section is split into three subsections: training safety,
environmental, and national security.

1.3.1 Training safety

A signi cant ethical bene t of laser training tools is their potential to reduce personal
injuries during military exercises. If the soldiers can use laser shooting for training
to a larger extent, the risk of personal injuries from projectiles is reduced.

1.3.2 Environmental

Another aspect of these laser training tools is the environmental impact they can
have on minimizing the use of sharp ammunition during training. When ring
weapons, waste is created as a bullet and shell. This waste, often left in nature,
can pollute local ecosystems. If these laser weapons are improved, they can be used
more often when training soldiers, which would reduce environmental impacts where
training takes place.

1.3.3 National security

In Sweden, strict regulations govern the sale of military products. The organization
that decides what customers the products can be sold to is called Inspektionen for
Strategiska Produkter, ISP [5]. ISP is a government-controlled institution, which
means it is ultimately governed by democratically elected o cials, safeguarding the
interests of the Swedish people. There are also laws limiting the export of military
products [6]. ISP's role means that the risk of these training tools ending up in the
hands of people working against the interests of Sweden and threatening Swedish
security is limited.

One ethical question that must be addressed is how the use of training tools and
the resulting improvement in military capabilities would impact national security.
Amid increasing military aggression globally and ongoing conict in Europe, the
risk of international con icts has escalated. Experts are torn on this question, and
one common theory is the one of deterrence [7]. Deterrence theory argues that the
consequences of military action by the aggressor would be too destructive and deter
the enemy from a conict. Although this theory is mainly used when discussing
nuclear weapons, it can also be interpreted to include other military investments.

However, one could argue that deterrence theory, rather than preventing con ict,
may actually escalate aggression and increase the likelihood of conict. There is a
risk that the strengthened defense could be seen or twisted into a provocation used
to justify military action.

There is a debate on whether increasing military spending is wise, but most coun-
tries now advocate increased military capabilities to protect their interests. This
also applies to Sweden, and the need for a stronger military to protect Swedish
values is increasing. To prepare the soldiers as well as possible in the case of an
armed con ict, the training tools made by SAAB are essential for Sweden's ability
to defend itself and its territory.
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Theory

The following chapter aims to provide the necessary knowledge and methodology for
the project. Section 2.1 gives the theory behind the machine learning model used

for detecting projectiles and explosions; Section 2.2 introduces the theory behind

some of the computer vision tools used during the project. Section 2.3 explains the

purpose of the dataset and how it works; Section 2.4 gives the background knowledge
needed about the video mixer system; Section 2.5 explains how the performance can
be quanti ed for object detection models.

2.1 Machine learning

In this section, we introduce the eld of machine learning, the theory behind how

a neural network works, and how the network can learn patterns from a dataset.
Convolutional neural networks will also be explained, and how they can extract

features from an image that enable the detection of objects in an image. The
theory behind the Faster R-CNN model is also introduced to provide the necessary
background on how it works.

2.1.1 Neural networks

A neural network is composed of neurons structured into layers. Each neuron takes
inputs from a previous layer to calculate a weighted sum. These neurons collectively
form a network capable of learning patterns from training data by adjusting weights
and bias parameters to minimize prediction errors. Figure 2.1 displays a single
neuron and how it takes an input vectorx and calculates the outputa.



2. Theory

Figure 2.1: A schematic displaying a single neuron and how it calculates the
output, a, from a given input X =[Xy;Xz; ::3; Xn] wheren = 3.

Each neuron has two types of trainable parameters: a weights vector and a bias
term. The weights vector consists of real numbers, denotedwas= [ wq; W,; Ws; @1 Wp],
wheren represents the number of inputs from the previous layer. The bias term vari-
able denoted a9, is a real number and independent of the input. The rst part of the

The equation to calculatez is shown in Eq. (2.1)

z=w X+ b (2.1)

The resulting sum, z, of each neuron in the layer is then combined into a vector
72 =[21; 2,23, ::;,2,] where n is the number of neurons in the layer. The combined
vector z is then fed into a non-linear function calculating the output of the layer,
denoteda. The non-linear function, also called the activation function is applied
to each element in the vector makinga keep the same size as. Two examples
of activation functions are ReLU and Sigmoid [8], which are denoted as The
activation function is shown in Eq. (2.2).

a= (2): (2.2)

The resulting value ofa is then fed forward to the next layer and used as input
in Eq. (2.1) instead ofx meaningx® = al Y fori =[2;3;:::;m] where m is
the number of layers in the network. The network structure enables the learning
of complex patterns. An example network is shown in Figure 2.2 where each circle
represents a neuron from Figure 2.1 and the output is the values of the nodes in the
output layer.

6



2. Theory

Figure 2.2: A simple structure of a neural network with 4 inputs and 4 outputs
consisting ofm layers.

To calculate the output a™ from the input x® the weights and biases are re-
formated into matrices and vectors respectively to simplify the equations. The
subscript n represents the number of neurons in a layer whereas the subscript to n
speci es which layer. The weights of each layer become a matrix where each row
is all the weights for a single neuron in the layer. There are corresponding weights
and biases to every layer except the output layer meaning there ane 1 number
of weight matrices and bias vectors meaning=[1;2;:::;(m 1)].

'E R}
ooh - i whe o Wb W
WO = wi wd o ow® optar Tz _ 2moag (2.3)
M0 i
Wnli;l Wnli 2 W'('1Ii)ni 1

The bias is combined into a vector where each element represents the bias of a single
neuron:

b® = hb(li) B bﬂi)il: (2.4)

Calculating the output from the input can be done by repeating Egs. (2.5) and
(2.6) wherea® is the input, XY, to the network:

z0 = W g0 4 po- (2.5)

A = 0 (2.6)

leaving the output a(™,



2. Theory

2.1.1.1 Training the network

During neural network training, the weights and biases of all neurons are updated
according to the patterns learned from the training dataset. The update is done
by calculating the gradient for the weights and biases for each layer relative to the
resulting loss function using the chain ruleX[f (g(x))] = f {g(x)) g¥x).

In the next equations, the superscript denotes the speci c layer associated with

the values wherem is the number of layers and = [(m 1);(m 2);:::;1]. The
loss referred to ad. is a single value calculated from the error between the network
output and the ground truth in the training dataset.

The gradient of the loss relative to the values in the output layer neurons referred
to as the output can be calculated as:

@L_  @L
@™ ~ @output’ 27)

Calculating the gradient of the loss relative to the weights and biases for each layer
is then done by repeating the following set of equations:

@L _ @L @(i+1) .
@’ @iy g’ (2.8)
L L @O :
@v@(i) = @@(i) g/(”; forj =[1;:::;n]; (2.9
i i
@L_ @L @b,
@O @b @0’ (2.10)
@L_ oL @V,
@b @b @i (2.11)

After calculating the loss gradient with respect to the weights and biases for each
layer, these vectors are reformate into the matrices and vectors:

@L @L @L#'
v @ e

w® = ; (2.12)

. @L
b® = @0 (2.13)

Using W® and b, the weights and biases can be updated using an optimizer.

2.1.1.2 Optimizers

Several methods, known as optimizers, are used to update the weights and biases
in a neural network to minimize the loss function. These optimizers can decrease
the required training time, avoid local minimum points when training a model,
and increase stability and accuracy during training. Below are some examples of
optimizers that are commonly used when training a neural network.

8



2. Theory

Gradient descent

Gradient descent is a fundamental optimization algorithm used when training neural
networks [9, pp. 82-91]. It iteratively adjusts weights and biases to minimize the loss
function. This method works by moving in the opposite direction of the gradient
of the loss function. This method utilizes a parameter known as the learning rate,
denoted by , which controls the size of each update step. Using an appropriate
value for is pivotal for a quick and e ective learning process for the model.

Egs. (2.14) and (2.15) demonstrate how gradient descent updates the weights and
biases at each training step utilizing the gradients calculated for all weights and
biases for every layer in Eqs. (2.12) and (2.13) with=[1;2;:::;(m 1)]:

w® o wo w @ (2.14)

b®  p® b®: (2.15)

Each update step calculates incremental adjustments to the model parameters, steer-
ing the network toward optimal performance by minimizing errors between predic-
tions and ground truths.

Stochastic gradient descent

Stochastic Gradient Descent (SGD) is a variant of gradient descent that enhances
optimization by randomly learning from individual data samples or small batches of
the dataset for each update step [9, pp. 294-296]. This randomness helps mitigate
the risk of the model remaining in a local minimum, a common issue with standard
gradient descent when learning from complex data. Additionally, SGD can lead to
faster convergence with large datasets, as each step is less computationally heavy,
resulting in quicker updates.

Momentum

Momentum is another method that can be used in combination with any optimizer
[9, pp. 296-299]. When training a neural network, momentum has the purpose of
accelerating the convergence rate towards the optimal solution. It achieves this by
incorporating knowledge about the previous update step into the current one. It acts
as inertia that helps overcome local minimum points and smoothens erratic updates.
A vector v, often referred to as velocity, accumulates the current gradient and a
portion of the velocity from the previous update. The velocity helps the update step
to continue in a consistent direction even if the gradients uctuate. Using momentum
can signi cantly increase training speed and lead to more stable convergence. There
are velocity vectors for both the weight updatesy,, and the bias update,v,. The
momentum constant, , determines how much in uence the previous velocity should
have on the next update step. The update steps, when applied on gradient descent,
are displayed below where Egs. (2.16) and (2.17) updates the weights and Egs.
(2.18) and (2.19) the biases with =[1;2;:::;(m 1)]:

Vi 1) ve®+@ ) w (2.16)

9



2. Theory

whw® vy @ (2.17)
v 0 v +@ ) b (2.18)
b®  p® vp (1 (2.19)

2.1.1.3 Fitting a model to training data

When training an ML model on a dataset, the objective is to make the model
generalize e ectively to similar tasks beyond the training data. When doing this
there is a risk that the model will either undert or overt the data. Under tting
occurs when the model fails to learn su cient patterns from the training data,
resulting in poor generalization to new data. Conversely, over tting happens when
the model learns patterns that are too specic to the training data, hindering its
ability to generalize to other datasets.

A simple example of under tting, appropriate capacity, and over tting when tting

a curve to a set of points is displayed in Figure 2.3.

Figure 2.3: Simple example of tting a line to a set of points, image adapted from
[9, p. 113].

By analyzing the error while training the model, it is possible to determine if it
reached an appropriate capacity. Figure 2.4 shows an example of where the optimal
capacity is when training a model where the training and validation errors are also
shown.

10



2. Theory

Figure 2.4: Optimal capacity reached while training a neural network.

2.1.2 Convolutional Neural Network

Convolutional neural networks (CNN) are a specialized neural network primarily
used for image processing [10]. The main bene t of a CNN is how it, in an e cient
way, can detect spatial patterns in an image. This makes it particularly e ective

in image classi cation and object detection. The network has a unique architecture
with convolutional layers and pooling layers, which are introduced below.

Convolutional layer: A convolutional layer employs a set of trainable kernels
that slide across the input image with a set step size. As the kernels are moved
across the image, they perform element-wise multiplications and sum the results.
The result from all the calculations of the kernels sliding across the image is a
feature map representing detected features such as edges, corners, or straight lines
[11, pp. 291-293]. These features are fundamental to understanding the content of
an image.

Pooling layer:  After extracting the features using the convolutional layer, pooling
layers are typically applied. The pooling layer reduces the spatial dimensions of the
input feature maps, decreasing the number of computations required. The pooling
layer also increases the network's robustness to the position of features in the input
[9, p. 342]. Two common pooling layers are max pooling and average pooling,
which take the maximum value and the average value of a speci c pool size [13].
The process of applying a pooling layer can also be called downsampling, which
increases the model's receptive eld of the lIters, allowing the detection of more
abstract features deeper in the network.

In Figure 2.5, an example of a CNN is shown. It displays how a set of kernels,
called maps, is convoluted over an image. After the convolutional layer, the feature
maps are fed into a pooling layer, which reduces the size of the feature map.

11



2. Theory

Figure 2.5: Image displaying rst convolutional layers with pooling, adapted from
[10].

2.1.3 Faster R-CNN

Faster R-CNN [14] is an advanced object detection model that builds upon its pre-
decessors R-CNN [15] and the Fast R-CNN model [16]. The architecture of the
Faster R-CNN model consists of several key components, each playing a crucial role
in object detection. Figure 2.6 provides an overview of all components in the model.

12



2. Theory

Figure 2.6: Faster R-CNN components, adapted from [14].

2.1.3.1 Feature extraction

The feature extraction, which creates the feature maps in the Faster R-CNN model,
is performed by convolutional layers. A popular choice for the architecture is ResNet
[17], which uses deep residual learning to train very deep networks e ectively. Resid-
ual learning helps address the problem of vanishing gradients that can occur with
increased network depth.

2.1.3.2 Region Proposal Network

The Region Proposal Network (RPN) in the model takes the feature map generated
by the convolutional layers as input and outputs bounding box proposals for object
locations [14]. A small neural network called the intermediate layer is convoluted
over the feature map, as shown in Figure 2.7. The output from the intermediate
layer is then fed into two fully connected layers called the box-classi cation layer
(cls) and a box-regression layer (reg). For each sliding window positiok,anchor
boxes are tried.

13



2. Theory

Figure 2.7: RPN simpli ed overview, adapted from [14].

2.1.3.3 Region of Interest pooling

The region of interest (ROI) pooling transforms the proposals from the RPN and the
feature map into a feature vector of a predetermined size consisting of the regions
of interest. The resulting feature vector can then be fed into the classi er.

2.1.3.4 Classier

The classi er in Faster R-CNN makes the nal predictions about where the objects
are located in the input image. It takes the processed proposals from the ROI
pooling layer and outputs the nal predictions. For each proposal, the classi er
assigns a label and a con dence score. The con dence score is a number between
zero and one that indicates how certain the model is about its prediction. If the
con dence of a prediction is below a prede ned threshold, the prediction is removed.
Additionally, the classi er utilizes a Non-maximum suppression (NMS) step to
resolve the problem of overlapping between bounding boxes. The NMS ensures
that only the most probable bounding box represents each detected object. This
Is achieved by excluding predictions where the bounding box substantially overlaps
with another box of the same class with a higher con dence score.

2.1.4 Loss functions

Optimizing a neural network involves de ning and minimizing a loss function. This
function quanti es the discrepancy between the model's predictions and the actual
ground truths. For complex models like the Faster R-CNN, used for object detection,
the loss function comprises several components that address di erent aspects of the
model's predictions [11, p. 280].

Examples of these are the classi cation error and the bounding box localization
error. The classi cation error measures how well the model predicts the correct
label for the detected object.

The localization error assesses the accuracy of the bounding boxes predicted by the
model, and the error evaluates how close the predicted box aligns with the ground
truth box in the training data.
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These losses are calculated for both the RPN and the classi er network. The
classi er network will be referred to as the detection network. The total loss is the
sum of the di erent losses the training aims to minimize.

Each loss requires a penalty constant for the localization and classi cation error
for both the RPN and the detection network. For the classi er, these constants
are denoted as s and . for the RPN and detection network, respectively. The
penalty constants for the localization are denoted as,. and . for the RPN and
detection network. The losses use subscripts to show which loss it corresponds to:
I—cls, RPN » I—Ioc, RPN I-cls, Det and I-Ioc, Det -

The losses are calculated in Eq. (2.20) to Eq. (2.22):

Lren = os  Los,reN * 1oc Lioc, RPN (2.20)
L pet = 8|s Lais, pet + I?)c Lioc, Det; (2.21)
L = Lgrpy + Lpet: (222)

0 0

The penalty constants s, s @and oc, oc Can be changed depending on how
much the di erent errors should be penalized in the loss function.

2.2 Image processing

In this section, the di erentimage processing techniques will be introduced. OpenCV
Is a popular open-source library extensively used in image processing [4], which will
be used to simplify the implementation of the methods. The methods include color
Itering, Canny edge detection, and the Hough circle algorithm.

2.2.1 Color ltering

OpenCV enables color ltering using the function "inRange” [18]. The function
generates a mask that retains only the pixels within a selected color bounds.

HSV

HSV stands for "Hue", "Saturation”, and "Value" which is a frequently used way to
describe the color of a pixel. The OpenCV color format is displayed in Figure 2.8.
The Hue is between 0 and 180, the saturation is between 0 and 255, and the value
IS between 0 and 255.
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Figure 2.8: lllustration of HSV color format in OpenCV, demonstrating how dif-
ferent colors are encoded within this color space.

2.2.2 Canny edge detection

The Canny edge detection algorithm is a multi-stage process that e ciently detects
edges in an image by analyzing the pixel gradients between the adjacent pixels [19].

OpenCYV provides an implementation of this algorithm [20], which requires specify-
ing minimum (min) and maximum (max) limits for the edge sharpness. These limits
help distinguish between strong, weak, and non-edges, which is crucial for achieving
accurate edge detection.

The Canny function classi es edges by comparing the magnitude of pixel gradients
against the speci ed limits:

Strong edges are those where the gradient magnitude exceeds the max limit.
These are immediately considered true edges.

Weak edges are those with gradient magnitudes between the minimum and
maximum limit. These edges are only retained if they are connected to strong
edges.

Non edges: Edges with a gradient magnitude below the min limit are dis-
carded.

Three examples, A, B, and C, are given in Figure 2.9. The lines represent gradient
values for an edge in an image. A is above the max limit, which means it has a
strong edge. B is between the max and min limit but is connected to gradients over
the max limit, which means it is a weak edge. Case C is below the max limit and
not connected to any pixel with gradients above the max limit, which means it is a

non-edge.
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Figure 2.9: Canny edge examples of di erent scenarios when pixels are considered
edges.

2.2.3 Hough circle algorithm

The Hough circle algorithm [21] is a computationally e cient way of detecting circles

in an image. The algorithm connects edge points to possible circles and detects
patterns [11, pp. 477-481]. The edge points are given from the output image of the
Canny edge detector. Circles are described by the formula:

(x a+(y BP=r%

Where a and b are the x and y coordinates for the center of the circle andis the
radius. The aim of the algorithm is to nd (a;b and r that best match the circles
in an image. A radius interval is selected, and then every possible center point is
calculated with the combination of edge poin{x; y) and radiusr using the formulas:

a=x r cog);

b=y r sin();

where is a range of angles between 0 aritd .

If a position (a;b) for a given radius,r, has a number of edge points over the
selected threshold, that position has been voted the center point with that given
radius.
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2.3 Dataset

Datasets play an important role in the development and evaluation of ML models.
When designing a neural network, they are used to train the model to recognize
patterns in a dataset. Datasets can also be used to validate the performance of an
algorithm or model to quantify its performance. This section provides background
on synthetic datasets and the necessity of manual labeling in the context of real-
world applications.

2.3.1 Synthetic dataset

Synthetic data and its use in computer vision tasks were rst investigated in [3].
The paper looked into the use of synthetically created data to test the reliability of
autonomous programs under various situations without the need for extensive real-
world data collection. With the advances in ML models, synthetic datasets have
become increasingly important. The opportunity to create large scalable datasets
is bene cial since it removes the need for the time-consuming process of manually
labeling the dataset required when training complex models.

2.3.2 Manually annotating a dataset

Manual annotation of datasets involves human labeling of the data. The annotated
dataset serves as the ground truth for training and testing the models. The quality
of the annotated training dataset determines how well the model performs when
applied to its intended task. The dataset also serves to evaluate the performance of
the model, and without it, quantifying the performance metrics would be impossible.

2.4 Video mixer

This section provides an overview of the video mixer and the background information
about the system. The video mixer is the system that combines the input video feed
with information about projectile and explosion locations by adding an overlay with
the projectile trajectory.

2.4.1 User interface

The video mixer system has a user interface that enables users to try the system.
A wide array of settings can be chosen, including movement, ring frequency, max-

imum projectile distance, fall before explosion, and more. The output video is in

analog format and can be displayed on a connected screen.

2.4.2 Video feed

One component of the video mixer system is the source of the video feed, which
can originate from either a computer or a camera. The perspective from which the
video feed is captured will be referred to as the camera view. The camera has several
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parameters to be considered when calculating the camera view. The rst one is the
eld of view (FOV), which speci es the angle that the camera lens can encompass,
determining how much of the world is seen through the camera. This parameter is
critical because it a ects the location of the projectile in the camera view.

Knowing the number of pixels on the screen in the horizontal and vertical direction
denoted Height and Width as well as the FOV in both horizontal (FOV,) and
vertical (FOV ) directions enables the calculation of the focal length denoted as
fx and fy. The focal lengths are essential for calculating the 2D position of the
projectile in the camera view. The focal length can be calculated as:

Width
fy = > tan FO;,H ; (2.23)
Height
f, = : 2.24
Y7 2 tan BYy (2.24)

The focal length is the same in both the horizontalf(,) and vertical (f,) directions

if the pixels taken by the image sensor are square. This uniformity ensures that the
scaling is consistent in both dimensions, so it is only necessary to calculate either
fyxorfy.

2.4.3 Controller Area Network Bus

A CAN bus is a high-integrity serial bus system designed for high-speed, reliable
communication among multiple intelligent devices [2].

Each device connected to the CAN bus has a CAN controller chip. The chips
are responsible for handling all communications. Devices on the network receive
all transmitted messages and independently decide to either process or ignore them
based on relevance. Every transmitted message has an identi er that states the
type of message. Every device has an acceptance lIter that allows it to process the
message if it passes through the lter.

To prevent a collision when multiple units try to transmit messages simultaneously,
CAN has an arbitration process based on the message priority speci ed in the iden-
tier. The message with lower priority is delayed until the previous message has
been transmitted.

2.5 Performance metrics

Di erent metrics are used to evaluate the performance of an object detection model.

The performance metrics enable quantitative assessment of the model's ability to

detect objects correctly. Depending on the purpose of the model, the importance

of the di erent performance metrics varies. Some standard performance metrics for
object detection are listed below.

To calculate the performance metrics, the terms false positive (FP), false negative

(FN), and true positive (TP) are used.

" FP is the number of instances where the model incorrectly predicts an object

that is not actually present.
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FN is where the model fails to predict an object that is present.
TP is where the model correctly predicts the presence of an object.
Examples of FP, FN, and TP predictions are shown in Figure 2.10

Figure 2.10: Examples of FP, FN, and TP predictions where the green circles are
the predictions.

Precision

Precision is a metric that quanti es the accuracy of the positive predictions made
by the model. It is a useful metric for understanding how many of the detected
objects were actually correct. Precision is the ratio between the correct predictions
and the total number of predictions.

TP

Precision= TP+ FP

Recall

Recall measures the ability to detect all the objects and helps to understand the
number of false negative predictions. It is calculated using:

TP

Recall= TP+ EN
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Methods

This chapter outlines the methodologies employed in this project to detect projectiles
and explosions in recorded videos. It also explains the process of transforming
recorded messages from a CAN bus to projectiles and explosions on a camera view
that can assist in detecting the projectiles and explosions.

The techniques applied for object detection include the Faster R-CNN, an ML
model for feature detection, and the Round Object Detector, a model that uses the
Hough circle algorithm to detect circular objects. These two detection models were
designed to locate projectiles and explosions in frames from the video mixer.

Additional pre- and postprocessing tools were utilized to enhance the accuracy of
these models.

The chapter is structured into several key sections. Section 3.1 details the process
of assembling and preparing the data necessary for training and validating the mod-
els; Section 3.2 describes the equipment and settings used to simulate and record
video scenarios; Section 3.3 explains the algorithms and techniques used to identify
projectiles and explosions within the videos; Section 3.4 discuss the methods used
to calculate the expected true positions of the projectiles and explosions; Section
3.5 explores how knowledge about the calculated positions can improve detection
performance.

3.1 Creating a dataset

Two datasets were created to train and validate the performance of the detection
models. A synthetic dataset for training the model and a manually annotated

dataset for validating the detection models. The predictable appearance of projec-
tiles and explosions facilitated the use of synthetic datasets to simulate a manually
labeled dataset comparable to one that would be obtained from the video mixer.
Employing a synthetic dataset for training circumvented the labor-intensive process
of manually labeling positions in each frame captured from the video mixer.

This approach saved time but also allowed for generating a larger and more varied
dataset, which is crucial for training robust detection models.

A manually annotated dataset with three di erent backgrounds was also created
to validate the models' performance in realistic scenarios. This made it possible to
quantify the performance and investigate how to improve it.
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3.1.1 Background selection

The video mixer system operates in a variety of training environments. Therefore,
the backgrounds for the dataset must comprehensively represent the range of scenar-
ios in which the system might operate. To ensure the robustness and applicability
of the detection models, the backgrounds selected for the synthetic dataset need to
accurately re ect real-world environments.
A dataset originally published by Intel for a natural scene classi cation competition
on Analytics Vidhya was chosen for the backgrounds to address the requirement of
backgrounds re ecting real-world environments [22]. This dataset was selected for its
wide range of environment categories, each representing unique challenges relevant
to the training needs of the models. The dataset includes six di erent categories:
Buildings
" Forest
Glacier
Mountain
Sea
Street

3.1.2 Projectile and explosion

The video mixer generates the appearance of the projectile in C++. The projectile
Is depicted as a round object with a gradient transitioning from bright white at the
center to transparent red at the edges, as illustrated in Figure 3.1a. This image
was saved in the BGRA format using OpenCV's 'imwrite' function [23] and stored
as a PNG le.

The explosion image was generated by isolating the upper half of the projectile
image, which was then saved as a separate PNG le, as shown in Figure 3.1b.

(a) Projectile animation (b) Explosion animation

Figure 3.1: Images of the two di erent object animations.

The original resolutions of the projectile and explosion images were 100x100 and
100x50 pixels, respectively. However, in the video mixer recordings, the actual sizes
of these objects are signi cantly smaller. To make the projectiles and explosions t
on the backgrounds in the dataset, they were reshaped to more accurately represent
the size that they would have on a video mixer frame.
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3.1.3 Synthetic dataset creation

The synthetic dataset was constructed by overlaying the generated projectiles and
explosions onto the set of background images at random positions and sizes. The
information about the position, bounding box, and label were stored in a corre-
sponding text le to each image. Examples of the dataset images are displayed in
Figure 3.2 together with the bounding boxes from the corresponding text les.

Figure 3.2: Two examples from the dataset with the corresponding bounding boxes
with blue being projectiles and red explosions.

3.1.4 Data augmentation

In the video mixer, projectiles and explosions may not always appear perfectly
shaped due to recording quality, resolution discrepancies, and imperfections in con-
verting an analog image to a digital image. To accommodate this and also reduce
the risk of over tting the Faster R-CNN model on the synthetic dataset augmenta-
tion was applied. A new height for the projectiles of between 70% and 100% was
randomly chosen, and then the projectiles were rotated between 0 a@d. The new
height and rotation made the projectiles deformed and could better represent how
the projectiles looked in the video recording.

3.1.5 Manual labeling of video mixer frames

To determine the performance of the models on the video mixer, a dataset of labeled
video frames was necessary to create. Due to the limitation stemming from security
requirements, using online labeling tools was not an option, and the dataset had to
remain on the local unit. Therefore, a Python program was created that took an
image frame as input and enabled the user to create bounding boxes by clicking on
the image. The resulting bounding boxes were stored in a corresponding text le
identical to the layout of the synthetic dataset, which enabled a smooth transition
to using the new dataset. The dataset's purpose was not to train the model but to
validate the performance, which limited the amount of labeled data required.

Three di erent backgrounds were chosen before starting to label the frames. The
backgrounds were supposed to be of varying di culty levels for the models. The
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