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Abstract 
The current rise in autonomous vehicles (AVs) has led to significant research into the 
safety of in-board computer vision systems meant to improve the safety of the car. Most 
AVs use camera-based systems to capture data and feed it into the decision-making 
algorithm. A common object detection algorithm used by AVs is YOLO (You Only Look 
Once). As the name suggests, the model can look at an image once and detect all the 
objects within it along with their location and what each object is. The model is chosen 
for its accuracy and fast object detection speeds, making it a reliable model to use. While 
studies show that cameras have good performance under perfect conditions, they have 
also shown there are certain condition where they struggle which include adverse 
weather and night-time.  

Based on the future work identified by previous studies, this study has trained a YOLO 
model on an augmented dataset to be able to identify and classify partially obstructed 
traHic signs. The augmented dataset includes multiple scenarios such as rain, fog or 
night. The model was compared against a model that has only been trained on a perfect 
dataset, and the results have shown that the augmented model has outperformed the 
original model in every evaluation it has been tested against. The augmented model has 
achieved a 92% accuracy on a test dataset made up of unobstructed traHic signs and an 
84% accuracy on a test dataset made up of obstructed traHic signs. The study 
demonstrates that training a YOLO model against an augmented dataset made up of 
obstructed traHic signs has improved the generalisation on unseen data.  

 

 

 

 

 

 

 



1 Introduction 

1.1 Motivation 
Convolutional neural network (CNN) models are a good way to identify and classify 
images based on the features the model learns from them. They have proven to work very 
well in multiple real-world industries such as medical and more recent in the 
autonomous vehicle industry [1][2]. The autonomous vehicle industry is a fast-growing 
industry gaining a lot of interest in the media, especially since some manufacturers such 
as Tesla are already using their autopilot vehicles on roads in America. Although, some 
other manufacturers such as Waymo are using diHerent technologies for their self-driving 
taxis, Tesla is known to be using CNN models as part of their decision-making software 
[3]. Models such as YOLO (You Only Look Once) have made it possible for self-driving 
cars to be able to detect objects in front of them with a good accuracy and a fast 
detection rate. There is a clear rise in self-driving vehicle technologies that rely on 
systems like CNNs in the background, which process data from outside cameras that 
gather environment information from around them, to determine appropriate driving 
actions. Recent news show that the UK government is considering allowing testing of 
autonomous vehicles on the UK roads [4].  However, the question remains about how 
accurate a model could be in more obscure environments and with muddled data, such 
as obstructed traHic signs, where the model must be able to generalise to unseen data 
that diHers from the training dataset. The technology must be safe enough to be on the 
road for the safety of pedestrians and other people on the road. The road could have a lot 
of variants that could cause some indecisiveness in CNN models, adverse weather which 
is a lot more common in the UK, could also aHect the accuracy of the model at detecting 
traHic signs. In [2] the authors have examined the extent to which CNN models are used 
in autonomous vehicles, similarly, they used data augmentation to increase the size of 
the dataset. However, data augmentation could be used in many more instances than 
just increasing the available dataset. Data augmentation could be used to create 
completely new data that could simulate diHerent weather events that could obstruct 
traHic signs. As identified by [5], data augmentation could improve the accuracy of deep 
learning models with partially obstructed signs. However, their study only focused on 
traHic signs obstructed by objects and does not examine how weather events, such as 
fog or rain, which can also partially block traHic signs, aHect the generalisation of the 
models on unseen data.   

 

 

 



1.1.1 Research question 
The research question of this project is whether a CNN based computer vision model can 
maintain accurate traHic sign recognition when the signs are partially obstructed by 
weather events in real world scenarios. The project aims to evaluate and compare the 
performance of two CNN based models, that have been trained on diHerent datasets, 
and how they behave when evaluated on unseen test data created using data 
augmentation. The objective is to see if data augmentation has an impact on the 
generalisability of the models. To test this the two models will be fed diHerent data, one 
of the models will be trained with clear data of traHic signs, the ideal scenario that would 
be occurring on the roads, while the other model will be trained with an augmented 
dataset of traHic signs that adds more imperfection to the data like we would see in the 
real world. DiHerently from [2] data augmentation will not only be used to increase the 
training dataset size but it will also be used to simulate environmental obstructions 
aHecting the visuals of traHic signs. This seeks to develop a more robust system at 
detecting real-life scenarios thus verifying the suitability to be used on roads.  

 

1.2 Aim and Objectives  

1.2.1 Aim  
The overall aim of this project is to compare and evaluate whether data augmentation 
can help convolution neural network (CNN) models into more accurately classifying 
partially obstructed traHic signs based on real world scenarios. Analysing the accuracies 
of CNN models that have been trained with and without data augmentation by testing on 
unseen data. 

1.2.2 Objectives 
1. Critically analyse the current literature on autonomous vehicle systems and 
understand the current challenges posed by tra8ic sign detection on convolutional 
neural networks. 

Understand and summarise the background research that took place in the self-driving 
vehicle industry and computer vision. Explain the diHerence between the diHerent 
computer vision architectures such as YOLO, RESnet and DESnet and explain how they 
help autonomous vehicles in the decision-making process to identify diHerent objects on 
the road focusing on traHic sign detection.    

2. To develop an augmented dataset and train a convolutional neural network to 
detect obstructed tra8ic signs.  

Crate an augmented dataset of images using diHerent techniques to produce a series of 
real-world scenarios encountered by self-driving cars such as precarious weather and 



time of day. The aim is to improve data preprocessing and model architecture to identify 
obstructed traHic signs with a high accuracy of above 70% on unseen test data to test the 
generalisability of the model.  

3. Thoroughly evaluate the results to investigate whether improving data 
preprocessing has made an improvement in a convolutional neural network ability 
to identify and correctly classify obstructed tra8ic signs.  

Test a convolutional neural network that has been trained on a non-altered dataset of 
traHic sign images and compare the accuracy with which it is able to identify obstructed 
traHic signs to a model that has been trained on an augmented dataset. How do the 
accuracies diHer and has the data preprocessing helped the CNN model to correctly 
identify obstructed traHics signs.  

 

2 Literature Review 

2.1 Autonomous Vehicles  
Autonomous vehicles are systems capable of perceiving the environment around them 
and navigating independently with no input required from a human driver while at the 
same time being able to make quick decisions and follow traHic regulations. These 
vehicles are designed to protect the pedestrians and the driver with a focus on driving 
safety and minimising the risk of traHic accidents [6]. The Society of Automobile 
Engineers (SAE) describes the six levels of automation, starting from level 0, indicating 
no automation, to level 5, denoting full autonomy.  On the SAE scale, Fig. 1, for a vehicle 
system to be classed as a level 5 it has to be able to perform all driving tasks under all 
conditions, such as weather, without the need of any human input [7][8].  

For level 5 to be achieved, a vehicle must rely heavily on sensors and cameras capable of 
accurately sensing the environment and capturing meaningful data, which is then fed 
into the decision-making model that controls the actions of the vehicle. Currently, Tesla 
is operating at a level 2 on the scale despite having one of the most advance self-driving 
pilots. As of now no vehicle is fully automated and operating at a level 5 [9]. The cameras 
are used for a 360-degree view of the surrounding environment, and the data gathered, 
such as images of traHic signs, is then processed by the on-board machine learning (ML) 
algorithm. However, one problem with cameras is the way they perform under adverse 
weather conditions and during night-time, making them unreliable under these 
conditions. The accuracies are always higher under the ideal environment they have been 
tested on. Other sensors commonly used by autonomous vehicles are LiDAR (Light 
Detection and Ranging) sensors. LiDAR works by projecting laser beams into the 
environment and calculating the time it takes for the laser to hit an object. Based on the 



time it takes the model is able to map the surrounding environment and create a 3D 
representation of it. While LiDAR outperforms cameras in many scenarios it brings a 
major drawback to many manufacturers trying to keep costs down. The cost of adding the 
sensors to the vehicle compared to cameras is vastly more expensive [6]. The high cost 
of LiDAR makes many manufacturers rely on camera data instead.  

The data gathered by the cameras can then be fed into computer vision algorithms to help 
the vehicle understand the surrounding environment. There are four diHerent computer 
vision tasks applied by an autonomous vehicle: depth detection, lane detection, object 
detection and traHic sign detection [7]. TraHic sign detection is a critical task that allows 
the vehicle to not only detect there is a sign ahead but also interpret what the sign means 
and act accordingly. A misinterpretation of traHic signs can lead to dangerous driving 
decisions. In the real-world traHic signs could be partially obstructed due to weather 
events such as rain, fog or snow. The research in this paper touches on object detection 
and focuses on traHic sign detection with the aim of identifying whether data pre-
processing aHects the model generalisability on unseen obstructed traHic signs.  

 

Fig. 1: SAE Levels of Driving Automation Scale [8] 

 

 

 



2.2 Computer Vision 
Computer vision is a research area within deep learning, which falls under artificial 
intelligence, that allows computer systems to extract features out of images and map the 
surrounding environment so that the computer can make informed decisions about it. 
Computer vision works through image processing and through being able to map exact 
location of objects within an image. It then uses deep neural networks to train and 
understand what the image represents. Each computer vision task requires a diHerent 
approach as the complex mathematic equations behind them are diHerent depending on 
the task given, whether that is object detection, image classification or image 
segmentation [10].  Through computer vision systems, computers are able to interpret 
and understand the physical world similar to how humans perceive it.  

There is a diHerence between the early days of computer vision, where a human would 
have to interact with the algorithm to extract essential features out of images and then 
pass the data to a shallow neural network, Fig. 2, and modern deep learning computer 
vision models. The deep learning models are based on deep neural networks, composed 
of convolutional neural networks (CNNs), referred to later in the paper, with many 
convolutional layers that are able to extract the features out of images automatically and 
it requires little human involvement [10]. The crucial step that still involves human 
intervention is data pre-processing, finding and labelling a dataset correctly for the 
algorithms to learn from, Fig. 2.  

 

Fig. 2: Comparison between a shallow neural network and deep learning [10] 

The shift from the shallow neural networks to deep learning has allowed computer vision 
to work within complex real time environments such as autonomous vehicles where the 
aim is to improve safety. Paired with CNNs, computer vision plays a major role into the 
decision-making process by enabling object detection, segmentation and recognition 
[10].  Computer vision is an important factor in how the autonomous vehicles perceives 



the environment around them. The key tasks performed by computer vision within a self-
driving vehicle are:  

- Object detection and classification, computer vision is able to identify and 
classifying various objects, such as, obstacles, pedestrians and traHic signs using 
the various cameras around the vehicle. They make use of CNN models to verify 
and check how far away from the vehicle the object is, this allows the systems to 
respond appropriately to a possible incident. As part of object detection, 
computer systems are able to identify objects and obstacles. CNNs are then used 
to extract features, which are used to create a 3D map, that allows the vehicle to 
identify the object and take corresponding actions based on what it was able to 
visualise. This is an extremely important feature in real world environments to 
ensure the safety of everyone on the road [11].  

- Lane detection and tracking, autonomous vehicles use computer vision systems 
to detect the road markings positions and keep the vehicle within the lanes while 
driving or while changing lanes.  

- Semantic segmentation is a complex part of a computer vision system used to 
better gauge the environment around the vehicle. It maps every pixel within the 
image to a class such as road, tree, person, to enable better decision making in 
more complex environments.  

- TraHic sign recognition, in order to make sure the autonomous vehicle follows 
road regulations and the law computer vision systems are used to interpret 
various traHic signs [11]. However, since most autonomous vehicles are using 
cameras to gather data, there is potential of various issues with relying on 
cameras for such important tasks. One example would be obstructed traHic signs 
due to branches or adverse weather, such as fog or heavy rain, blocking parts of 
the sign.  

Some more advanced autonomous vehicle systems, such as drive pilot, make use of 
computer vision to sense and understand the environment around them while also 
making a map to estimate the position of the vehicle, this allows them to be able to 
operate on their own for speeds of up to 40 mph. This is achieved using vision based path 
planning and vision based mapping and localisation to autonomously plan the trajectory 
and location of the vehicle [7]. The most commonly used method of gathering data for 
computer vision are cameras, they are cheap compared to other sensor and have a good 
performance under perfect conditions. The images gathered by the cameras are then fed 
into neural networks, most commonly a convolution based neural network, to help aid 
the vehicle into taking the most appropriate decision. However, weather massively 
aHects the performance of cameras making them very unreliable under harsh conditions. 
Cameras also operate on visible light so only using cameras during night or in low light 
environments makes it a challenge and it aHects the reliability of the data [7] [11].  



2.2.1 Data preprocessing 
Data preprocessing is a vital step for a computer vision algorithm to be able to read and 
understand the data its being fed. Fig. 2, shows that data preprocessing as a process has 
been around since shallow neural networks were still in use. Data preprocessing involves 
preparing the data for the algorithm and it’s a process that cannot be fully automated due 
the complex nature of data and the importance it plays in the performance of a computer 
vision task. Part of preparing the data involves data cleaning, where any outliers and noisy 
data is identified and decided what techniques are applied in order to fix the data from 
deleting any missing data to applying diHerent methods that reduce noise within the data 
[12]. In supervised computer vision tasks data preprocessing also includes data 
labelling. This is when data, images, is hand annotated with ground truth values such as 
class labels, bounding boxes, ensuring the model could learn from the input data [13]. 
The data preprocessing pipeline also includes: 

- Data integration, bringing together data from multiple sources into a single space  
- Data transformation, converting the data to a suitable format for the model that’s 

being trained 
- Dimensionality reduction, reducing the dimensions within the data and making it 

harder for the model to overfit. 
- Handling class imbalance, by using diHerent techniques such as under-sampling 

and oversampling to reduce the eHect an imbalance class would have on the 
model’s performance. [12] 

 

2.3 Neural Networks 
A neural network (NN) is a machine learning model that tries to simulate the way a human 
brain would work to process information [14]. A NN is made up of diHerent layers, starting 
with the input layer, one or more hidden layers which decide the outcome of the data and 
a final output layer. A traditional neural network processes the information through the 
hidden layers of interconnected nodes all of which have a weight and a threshold value.  
Each node will then take the data and apply the weighting to it, if the resulting output is 
above the threshold value, then the node is called an active node and it can pass data 
down to the other layers, Fig. 3. Some neural network architectures do not pass the data 
forward if it has not met the threshold value while others replace the threshold value by 
an activation function that calculates the output of an node and passes it 
forward[14][15].  



 

Fig. 3: Simple representation of a neural network 

The way a NN works is by providing it with some input data and applying the formula from 
Fig. 4, with the resulting outcome getting passed into each node and checked against the 
threshold value, which typically has a value between 0 and 1, to determine which of the 
nodes will get to pass the data forward. This happens for every layer until we get an output 
set of data. Neural networks are good at learning patterns from datasets and they are 
good at improving fault tolerance over time, meaning that small errors in data do not have 
an eHect to the output [14]. The project will make use of fault tolerance to initially create 
a model which recognises traHic signs and then test the model with a diHerent dataset 
that introduces a various number of faults, seeing how well the model is at tolerating 
inaccuracies in the images.  The project intends to use a specialised neural network, a 
convolution neural network (CNN), to process the image datasets and to extract the 
features of the images in order to identify the traHic signs.  

 

Fig. 4: Formula to calculate the output of a neural network node from its input 

 

 

 

 

 



2.4 Convolutional Neural Networks 
Convolutional neural networks (CNNs) are a type of neural network focused around 
solving deep learning problems specialising in pattern recognition. CNNs are great at 
extracting features out of image and audio input datasets and classifying them. They have 
been making a massive advancement in fields such as facial recognition and 
autonomous driving [16]. CNNs are complex neural networks made up of an input layer, 
one or more convolution layer followed by a pooling layer and more fully connected layers 
(FC) before producing an output, Fig. 5. 

 

Fig. 5: Example of a CNN model with convolutional layers and FC layers [16] 

Convolutional layers are made up of filters. A filter or a feature detector is a matrix, Fig. 6, 
that goes on top of the image and multiplies the pixel values from top left to bottom right 
until a new matrix is produced [16][17]. The resulting matrix is a score of how closely the 
pixels in the image match the pattern of the filter and is the activation map of the given 
image. The role of the filter is to find matching patterns in the image while at the same 
reducing the amount of data the network has to process. Using diHerent feature 
detectors produces diHerent activation maps which can be used by the CNN to identify 
diHerent features in an image. The activation maps combined together produce a 
convolution layer that is used by the model to understand larger parts of the image [17].  

 

Fig. 6: Detecting features out of an image using a feature detector matrix [17] 



It is common for CNNs to use a pooling layer after every convolution block. A pooling 
layer reduces the size of the image and can be achieved in many diHerent ways such as 
max pooling, average pooling, stochastic pooling, spatial pyramid pooling. Max pooling 
being the most commonly used in CNNs [17]. Pooling works in a similar way that filters 
work, a matrix is slid on top of the image and depending on the method chosen a result is 
obtained, however, the pool filter does not cross on pixels that it has already worked on, 
thus being able to reduce the size of the image. A 2 x 2 max pooling for example, Fig. 7, 
will take the maximum pixel value and only this value will be now present in the resulting 
feature map. This way pooling only keeps the important features of an image discarding 
the rest and reducing the size of the image for the next layers thus reducing the amount 
of time the training will take overall [17] [18]. Pooling also helps resolve the overfitting 
problem that could happen to some models. This is when the model learns the training 
dataset and gives high accuracies only because it has memorised the images but fails to 
find patterns in new unseen images, resulting in poor model performance and poor 
generalisation on unseen data [19]. CNNs flatten the last feature map before passing it 
to the fully connected layers to classify the image. This means that from a 2D or a 3D array 
the feature map gets converted into a 1D vector that can be understood by a traditional 
neural network. The final flattened vector only contains the most important features of 
the image [1]. Once the vector gets passed into the fully connected layers, the NN can 
make a decision about what it thinks the data should be classified as based on the 
learned features.    

 

Fig. 7: Max pooling being applied to a feature map [18] 

Two CNNs models will be used in the project. The first model will be trained to identify 
traHic signs, and all the training data will have clean, unobstructed traHic signs. To test 
the model the dataset will be split into 80/20, with 80% of the data used for training and 
the rest of 20% used to validate and evaluate the model. The test data to thoroughly 
evaluate the models will come from a diHerent dataset. The second model will be trained 
with an augmented dataset that aims to introduce some obstruction in the images. 
DiHerent architectures for the models will be tested until both models have a high 
accuracy of above 80% for the one not trained on the augmented data and 70% for the 
augmented data trained model. 

 



2.5 Object Detection Models 

2.5.1 YOLO  
You Only Look Once (YOLO) is a real time object detection model based on a CNN 
architecture. YOLO has been applied in various other fields for its fast ability to detect 
objects in real time. Some examples include medical imaging for cancer detection, in 
agriculture to spot various crop diseases and pests. Robotics and the autonomous 
driving industry are the most relevant fields, to this study, in which YOLO has been used 
before. It is used to identify and classify various obstacles on the roads such as people, 
vehicles and other objects like traHic signs, as they appear on the road [20]. This works 
by using multiple cameras positioned around the vehicle to capture live data from the 
environment and feed the data back to the incorporated model to help assist the car in 
the decision-making process. This real time object analysis allows the autonomous 
vehicle to respond quickly to dynamic road conditions, such as a pedestrian crossing, 
slowing down traHic or unexpected objects on the road, this is discussed further in the 
YOLOv1 section. YOLO plays a major part in some autonomous vehicles manufacturers, 
to help aid the vehicle and improve the overall safety of pedestrians [21]. The name YOLO 
comes from its ability to detect objects in images with a single pass through the network 
of the model. The model is able to detect all the objects within an image, but it also 
detects the position where those objects are located. Unlike other models YOLO 
performs detection as a regression problem, where it directly predicts the bounding 
boxes coordinates and the probabilities all at once. This is a major improvement 
compared to previous classification models that would have to scan the same image 
hundreds of times which made them much slower in comparison [20][22].  

Average Precision (AP) is a metric used to evaluate the performance of object detection 
models. It is based on precision-recall relationship, Fig. 8. Precision measures the 
accuracy of true positive predictions made by the model, how many of the model’s total 
classifications were correct. Precision does not measure the model’s accuracy on the 
whole dataset [20]. Recall is the measure that evaluates how many of the actual objects 
in the dataset were successfully detected by the model. For example, the model 
identifies that the traHic sign is a stop sign 7 out of 10 times, out of those 7 times, the sign 
was a stop traHic sign only 5 times. The precision formula will calculate the precision to 
be 5 out of 7, however, the recall will be calculated to equal 5 out of 10. There is often a 
trade-oH between precision and recall [20]. Labelling more objects as stop signs will 
result in an increased recall, however, this can result in more false positives therefore 
lower precision. To determine the best results for the model, an AP curve would have to 
be used, where the area underneath the curve represents the AP score, Fig. 8.  



 

Fig. 8: Average Precision graph and formula for Precision and Recall [23] [24] 

Yolov1 

YOLOv1 was the first version of YOLO models, and it was the first object detection model 
that would be able to detect objects from an image in real time with a single pass through 
the network. In computer vision, object detection works by identifying the objects 
present in an image and putting them inside their own ‘bounding boxes’ [20][25]. These 
bounding boxes are rectangular frames that show exactly where the objects are present 
within the image, Fig. 9.  

YOLOv1 detects all the bounding boxes in an image simultaneously along with all the 
probabilities. To do this the model splits the given image into a S x S grid [20]. Each grid 
cell is responsible for predicting B bounding boxes along with the confidence score, C. 
The confidence score is the model’s confidence that the object is present within that 
bonding box. Each grid cell can predict more than one bounding box and YOLO picks the 
bounding box with the highest IoU (Intersection over Union).  The IoU calculates and 
compares how much the predicted bounding box overlaps the actual ground truth box, 
Fig. 9, a hand labelled bounding box which provides the location of the actual object for 
the model to train on. YOLOv1 handles object detection as a regression problem. Instead 
of first detecting part of an image and then classifying it, the model directly predicts the 
bounding box coordinates and size (x, y, width and height) and what the object is [20][26]. 
The model might say ‘at position x and y, there is a box of size w and h, and the object is a 
stop sign’. This is diHerent from other CNN models that split up object localisation and 
object detection into separate steps.   

 

Fig. 9: Image showing a model’s predicted bounding box, the ground truth box and the 
calculated IoU [27] 



YOLOv1 uses a specifically designed loss function to measure how wrong the model’s 
predictions are from the ground truth values. During training, the model adjusts its 
parameters based on the total loss function, Fig. 10, to improve the accuracy of future 
predictions. The goal of the loss function is to minimise the diHerence between the 
model’s predictions and the actual ground truth. Fig. 10, shows the total loss function 
that is made up of 3 diHerent components [20][22].  

• Classification loss, outlined in orange, checks whether the model’s prediction of 
what the object is accurate against the ground truth. 

• Localisation loss, outlined in green, checks how far the model’s prediction for the 
position of the bounding box is from the actual position of the ground truth 
bounding box.  

• Confidence loss, outlined in red, compares the confidence score predicted by 
the model to how accurate the prediction actually was, this is based on the IoU.  

From the loss function the model learns to predict both the object classification and the 
bounding box coordinates, if an object is present in a grid cell. If no object is present on 
the cell, then it learns to predict a low confidence score. This allows YOLOv1 to focus the 
training on relevant cells where objects are more likely to be present [20].  

 

Fig. 10: Loss function formula [28] 

Architecture 

The architecture of YOLOv1 is made up of 24 convolutional layers followed by 2 fully 
connected layers, Fig. 11. The convolutional layers are used by the model to extract 
important features from the dataset, they will look at patterns, edges and shapes from 
the image. The last 2 fully connected layers are responsible for predicting the bounding 
box coordinates and the object class probabilities. All the convolutional layers in the 
model use a leaky ReLU activation function with the exception of the last fully connected 
layer which uses a liner activation function, meaning it passes the input to the next layers 



unchanged to predict the output [22]. A leaky ReLU activation function is a type of non-
linear activation function. The use of leaky ReLU prevents the vanishing gradient problem, 
discussed further in the literature review, which improves the training of the model by 
allowing small positive outputs on negative inputs [29].  

The model architecture starts with a convolutional layer using a leaky ReLU activation 
function, followed by a max pooling layer, Fig. 11. Layers 3 and 4 have the same structure 
as the first two layers. This is then followed by a series of four convolutional layers and 
another max pooling layer. After that, another series of four convolutional layers followed 
by a max pooling layer. The last set of layers consists of six convolutional layers, ending 
with 2 fully connected layers. The feature extraction network, the convolutional layers, in 
a YOLO model are called the backbone of the model and are typically pre-trained. The 
model alternates between 3x3 and 1x1 convolutional layers [22]. The 3x3 convolutional 
layers are responsible for extracting standard features from the image, while the 1x1 layer 
purpose is to reduce the depth (RGB layers) of the image. This depth reduction helps save 
computational power for the following set of layers. In a YOLO model this is called the 
bottle neck of the model, and its purpose is to reduce computational complexity and the 
number of parameters in deep networks while preserving essential features. The max 
pooling layers are there to reduce the overall size of the image taking only the biggest 
value out of the grid and creating a new feature map out of the max values. This helps 
reduce the height and width of the image as it moves through the network [22].  

 

 

Fig. 11: YOLOv1 Architecture [22] 

 

 

 



YOLOv2 
YOLOv2 introduces anchor boxes to improve the bounding box fitting and uses a new 
backbone, DarkNet19. This allows for new features such as batch normalisation and 
higher resolution input images to enable better feature extraction. These improvements 
allow it to classify more classes compared to YOLOv1 [25]. 

YOLOv3 
YOLOv3 uses a deeper backbone, DarkNet53, and introduces multi-scale detection 
which allows it to detect small and large objects more eHectively in an image. This version 
replaces the softmax classifiers with logistic classifiers enabling multi-label 
classification [25] [30].  

YOLOv4 
YOLOv4 is created by diHerent developers, and it comes with multiple enhancements 
which include improved detection accuracy, speed and computational eHiciency. It uses 
a CSPDarkNet backbone to reduce computational bottlenecks. YOLOv4 uses the 
improved Mish activation function, and it applied advanced training techniques such as 
mosaic augmentation and CIoU loss. All the improvements allow the model to train faster 
on standard GPUs while maintaining high performance [31].  

YOLOv5 
The language of YOLOv5 was switched to use PyTorch, which makes it easier to train, and 
it makes it more available to use by more people. The model benefits from a smaller size 
which allowed more people to experiment with it. It also benefits from added features 
such as automatic learning anchor boxes and mosaic data augmentation which improves 
the detection eHiciency [25].  

YOLOv6 
YOLOv6 introduces several architectural modifications, new training strategies, and 
optimized loss functions, with a strong focus on real-world applications such as real time 
surveillance and autonomous systems. This version of YOLO uses anchor free 
architecture, an EHicientRep backbone and new RepPAN neck, with advanced loss 
functions, which result in a more eHicient and optimised model that could be used on 
more devices such as mobiles [25] [32].  

YOLOv7 
YOLOv7 added new scaling methods along with new training strategies, including E-
ELAN, which enhances feature learning and eHiciency. As a result, the model’s 
performance was more eHicient and at the time of its release it was the fastest and most 
accurate YOLO model [25].   

 



YOLOv8 
YOLOv8 is the model that will be used going forward for this project because of its 
advances compared to the other models and its availability. YOLOv8 introduces a fully 
anchor free detection head, supporting instance segmentation and better small object 
detection [33]. This is particularity useful for this experiment as traHic signs can be 
relatively small depending on the range the car system is picking them up from. Better 
detection of small objects would result in better performance during the testing phase. 
The anchor free design is important as it takes away extra work the model was doing in 
previous versions. Previous versions used anchors, a set of pre-defined shapes, where 
the model would try to fit those anchors around diHerent objects within the image and 
chose the one that fit best, highest IoU. Then it would predict a bounding box adjusted to 
fit the object from the anchor size. With YOLOv8, there is no need for the predefined 
anchors, instead, when the model detects an object, it would predict the bounding box 
size and shape directly, to fit around the object [34][35].  

 

2.5.2 ResNet 
Using convolutional neural networks for deep learning models has proved challenging 
because of the vanishing gradient problem which made it harder for models to properly 
train. The vanishing gradient problem is a major challenge, and it happens when the 
traditional neural networks become too deep and the gradient becomes extremely small 
during back propagation. This causes the model to stop updating the weights correctly 
therefore causing the deeper layers within the model to stop learning from the data [36].  

 

Fig. 12: A ResNet network being made up by residual blocks [37] 

The challenge of the vanishing gradient was addressed when ResNet was released in 
2015, it introduced the idea of residual connections, which allowed some of the data to 
bypass some of the layers and be fed directly into the deeper ones. These connections 
made the learning process of the network take less time and be more eHicient, thus, 
enhancing the overall performance of the network. These connections work by allowing 
information to be passed from previous layers onto later layers in the architecture by 
skipping one or more levels. The ResNet architecture is made up of residual blocks, Fig. 



12, which include convolutional layers, a batch normalization layer and a ReLU activation 
function [38]. Each block has residual connections which are made up of a shortcut 
connection, able to skip layers, and a normal connection that moves through all the 
layers within the network. The output of the block is produced by combining the output 
of the shortcut connection with the output from the normal connection after which a 
ReLU activation function is applied to generate a feature map that can be passed onto 
the next layer in the network [36] [39]. Instead of learning a full mapping from input to 
output, ResNet, learns the residual, which is the diHerence between the input and the 
desired output of the block, which is easier to learn compared to a full function. ResNet 
is mainly composed out of convolutional layers used to extract the features out of input 
images in order to classify them. ResNet also makes use of batch normalization, to speed 
up the training process and make it more stable [39]. Batch normalisation is applied after 
every convolutional layer to help stabilise the learning process by normalising the inputs 
at every layers. This is achieved by adjusting the values of the  input activations so they 
have a consistent scale and distribution, with zero mean and a unit variance of one [38]. 
It works by adjusting the values so that they are centred around zero and have a standard 
spread. This helps the network train faster and maintain more reliable gradients through 
the training process by reducing big changes in the gradient.  

This not only solved the problem of the vanishing gradient, but it allowed for even deeper 
models to be created. Some other models have been built on top of ResNet such as 
DenseNet to enhance the performance for various computer vision tasks such as object 
detection and picture classification [36]. 

 

2.5.3 DenseNet 
DenseNet (Densley Connected Convolutional Networks) is a deep learning model based 
on ResNet, therefore it fixes the vanishing gradient problem as well, and it uses CNNs to 
extract features out of images and classify them. In DenseNet all of the previous layers 
are fully connected to the next layers, allowing the information to flow freely and more 
eHiciently through the network. Due to all the network being fully connected, DenseNet 
is better at learning and understanding the features of images [40].  

Proposals for DenseNet came from the challenges that were left unsolved by previous 
models, such as ResNet. These challenges included low recognition eHiciency, poor 
recognition accuracy, sparse feature extraction and overly complex classifiers, which all 
led to the image classification to perform poorly in real environments. This meant that the 
range of situations where the application could be used was limited. DenseNet is meant 
to solve these problems by using dense connections, every layer connected to each 
other, and the promotion of feature reuse, which reduces the complexity of the model. 
This structure, that allows for extensive feature reuse, means that the networks have 



access to all the feature of all the previous layers. As a result, DenseNet has a better 
feature representation and learning eHiciency with a simpler architecture and a smaller 
number of parameters, Fig. 13 [40].   

The architecture of DenseNet, Fig. 13, begins with an initial convolutional layer that 
processes the input data, followed by a series of dense blocks which are separated by 
transition layers. The transition layer is made up of convolution layers and a pooling layer 
where the feature map’s dimensionality undergoes a reduction operation, and the final 
size of the feature map is reduced by half. The dense blocks, Fig. 13, are composed of 
multiple layers, starting with a batch normalization (BN) function followed by a ReLU 
activation function which is followed by a convolutional layer. Within the dense blocks, 
each of the layers are densely connected with each other, allowing for the feature map 
from previous layers to be passed to later layers [40].  

 

Fig. 13: Simplified DenseNet structure diagram and Simplified Dense Block diagram 

However, many deep neural network models, including DenseNet, increase the depth 
and the width of the network to achieve higher accuracy in object detection. This adds 
multiple parameters and aHects the computability cost of the model, making it unusable 
for real time object detection present in autonomous vehicles, even with powerful GPUs. 
Other problems present in DenseNet include challenges with gradient propagation in 
deeper models, not supporting multi scale feature integration and overall high 
computational costs which come from the network being densely connected. While, the 
model tries to fix these using convolutional layers and pooling layers they are still present 
in deeper networks [41].  

 

2.6 Data augmentation 
Data augmentation is a technique to artificially generate more data to train a model on 
from an already existing dataset. It is beneficial in the case the dataset is not large enough 
to train the model or if it would take a long time to gather new data. Data augmentation 



improves the overall performance of the model training on it.  The way data augmentation 
works is by taking existing data and applying diHerent convolutions and filters to modify 
the data and produce new samples. The new samples that are being produced will have 
the same corresponding label as the input sample [42][43]. There are a number of 
techniques that could be used to augment a set of data in the case of images: 

• Geometric transformations are a set of operations that include image rotation, 
image scaling and flipping. Image scaling being the most useful one for the case 
of traHic signs, it could help the model by zooming in and out of an image giving a 
more realistic interpretation of how a human would perceive a traHic sign at 
diHerent distances [44].  

• Colour augmentation allows for a shift in the image’s colour or a change in 
brightness [42]. The change in an image’s brightness could mimic the time of day 
the picture was taken, forcing the model to focus on specific feature of a traHic 
sign rather than its colours.    

• Kernel filters are convolutional operations that could be applied to an image to 
highlight certain features or hide them. A Gaussian blur, Fig. 6, could be applied to 
an image to hide some of its distinctive feature and make it more challenging for a 
model to identify thus training it on more niche outliers [44].  

• Random erasing, this is when random parts of the image get masked by rectangles 
in order to reduce the number of features, Fig. 6. This in result will enhance the 
performance of the model by being able to recognise and classify some of the 
harder images with missing information [42].  

 

Fig 6. Data augmentation techniques visualised 



The project would make use of a combination of data augmentation techniques to modify 
the dataset the second CNN model will be trained on. Using a combination of one or more 
techniques the dataset could achieve some more unique real-life scenarios and test 
whether the model can identify the traHic signs with real life circumstances. One of the 
real-life events the project wants to train and test the model on would be foggy weather. 
Using the filters that could easily be simulated by making use of the Gaussian blur and 
potentially making use of image scaling to make the traHic sign appear further away. 
Another scenario the project wants to test would be partial sign recognition. Using the 
random erasing which could simulate tree branches being in the way of the sign or the 
traHic sign being dirty or defaced and harder to read. Once the augmented datasets are 
generated and the new data is available, it is intended to split the dataset into 80/20 with 
20% being kept for validation purposes. Out of the test data the same image will be fed 
into both models, the one not trained on the augmented dataset and the one that is 
specifically trained with the new dataset. This is done to make a comparison between the 
accuracies and analyse what the models classifies the data as.  

 

2.7 Previous Research  

2.7.1 TraBic Sign Detection and Recognition (TSDR) System 
There have been a number of previous research papers looking at the traHic sign 
recognition problem. One of them being [2] where they proposed to improve on an 
already existing 7 layers CNN model called LeNet-5. The original model was made up of 
three convolutional and three subsampling layers followed by the fully connected layers 
producing the output. The model they proposed contained 12 layers with additional work 
on image preprocessing before feeding the data into the model to train on. Part of the 
image preprocessing techniques they suggested were colour to grayscale conversion, 
histogram equalization, unsharp masking, and normalization followed by data 
augmentation to increase the available dataset. While this project has a similar idea to 
the project proposed in this paper, the way data augmentation will be used is diHerent. 
Where in [2] they used it to increase the number of images, the intention of this project 
would be to create new images containing some form of obstructions. Not only would 
this increase the size of the dataset, but the aim is to generate some images closer to real 
world data and harsher environment to improve the robustness of the CNN model. The 
project was successful with high accuracies in detecting and classifying the traHic signs, 
of above 99% [2]. As future work they have identified a need to create a model trained on 
diHerent weather conditions and during diHerent times of the day. This is how the 
proposed project in this paper intends to digitally alter images to create some of the 
scenarios stated in the above future work.  



The work of [45] has identified multiple current challenges that TSDR systems face. Some 
of the challenges identified by the paper are variable lighting conditions. TraHic signs are 
harder to detect and classify when the lighting conditions vary and make it harder to see 
the sign in the image. This is partly due to the fact that during the pre-image processing 
phase approached in [45], they have used colour segmentation to reduce the features of 
an image. This combined with poor lighting conditions will also aHect the features a 
model can identify from an image potentially deleting some of them. The paper has also 
identified that the condition of a traHic sign aHects the model’s ability to learn its features. 
The example they identified were traHic signs that have been vandalised and traHic signs 
that are partially obstructed. The random erasing technique will be able to simulate this 
scenario without the need to gather new data and do the labelling process of the data. 
Both papers [2] and [45] have identified weather playing a major factor into the ability of 
a model to detect traHic signs. The eHects of weather such as rain on the TSDR system 
make it diHicult to accurately detect signs and they lead to an increase in false sign 
recognition. A suggestion to overcome the weather-based problems were to enhance the 
quality of the image using pre-processing techniques to make the features in an image 
clearer for a model to identify.  

 

2.8 Chapter summary 
This chapter focuses on explaining the whole journey an autonomous vehicle system 
takes to identify a traHic signs. The chapter starts with explaining what an autonomous 
vehicle is and the diHerent levels of autonomy and moving on to the computer vision 
system behind the decision-making process. 

 Computer vision system in autonomous vehicles are commonly based on a convolution 
neural network (CNN) which can adopt many diHerent architectures for image 
classification and object detection such as ResNet, DenseNet and YOLO. ResNet fixes 
some of the dense net issues such as the vanishing gradient but still leaves some other 
issues including poor feature extraction. DenseNet is built on top of ResNet and imporves 
the feature extraction problem, however, the large densely connected layers have made 
it hard for vehicle to adopt it due to the high computational costs. Out of the listed 
models, YOLO (You Only Look Once) is a very fast and accurate object detection 
algorithm that is being used by manufacturers due to its speed and accuracy. Some 
papers have looked at potential issues with YOLO and have identified that weather and 
time of day as being the major drawbacks. To solve these issues, this paper looks at 
applying a range of data augmentation techniques to simulate adverse weather partially 
blocking parts of the traHic signs as well as diHerent times of the day.  

 



3 Methodology  

 

Fig. 14: Research design onion [46] 

The philosophy of this research will follow a positivism philosophy, Fig. 14. This is chosen 
because the research question and implementation rely heavily on quantitative data and 
measurable outcomes. Since the experiment itself is highly numerical, directly 
comparing two diHerent YOLO models trained on diHerent datasets, this approach 
prioritises data findings over the qualitative alternatives. The aim of the study is finding 
out whether data augmentation to include multiple real life scenarios to a data set, has 
any impact on the generalisability of the model on identifying and classifying partially 
blocked traHic signs [47][48]. The aim leads the research into being a very quantitative 
study with the results coming from a combination of the accuracy percentage of the 
model, the precision, recall and confusion matrix. This also fits the positivism philosophy 
as the results could be reproduced and verified by other researchers given they follow the 
same methodology and use the same data as described in the study. The produced 
results follow the standard machine learning experiments where bias from researchers 
is not present and conclusions are made using the produced qualitative data instead of 
qualitative data coming from user studies [47].  

The research will use a deductive approach as the study seeks to tests a clear hypothesis 
about the impact that data augmentation has on the generalisability of a YOLO model. In 



the study’s case, the hypothesis is that by adding augmented data, especially data that 
has been modelled to represent real life scenarios such as weather and diHerent 
obstructions, will improve the model’s ability to recognise partially obstructed traHic 
signs from images. To test this, one model will be trained using a perfect dataset 
containing traHic signs from around the world, and a second model will be trained on the 
same dataset with the addition of augmented images. The algorithm used to augment the 
images has a 60% chance that an augmentation will be applied meaning that the new 
augmented data is expected to be about 60% larger than the original. While the original 
dataset contains about 6000 images of traHic signs the augmented model will have 
closer to 10000. The model learns the diHerent features of the traHic signs and is able to 
abstract away from any weather eHects, such as rain fog or sun glare, that have been 
added in the augmented dataset. By comparing the two models trained with diHerent 
datasets, the study can assess whether the augmented dataset can improve the 
performance of the model at identifying obstructed traHic signs or if it has little to no 
eHect at all. The results collected will be used to test the eHectiveness of each of the 
models towards the hypothesis [49][50].  

The research will follow an experimental approach. The hypothesis of this study, as listed 
in the previous paragraph, is that applying data augmentation during training will improve 
the model’s ability to generalise to unseen, obstructed traHic signs. In this study, multiple 
experiments are carried out on the YOLO model to test how it responds under diHerent 
training conditions [51]. The YOLO model this study will be using is a model that has been 
trained on a large ImageNet dataset and will have to undergo transfer learning so that it 
can learn new features from the new datasets. This will mean that the last few layers of 
the model would be adjusted to fit the dataset from this study. Along with adjusting the 
last few layers some other parameters could have to change and undergo some fine 
tuning to make the model more eHicient and improve its accuracy [52][53]. The 
augmented dataset has gone through diHerent parameter shifts and has had multiple 
experiments applied to the pipeline to get the final version which is used for the model’s 
training. The model’s performance will be evaluated on a new unseen dataset that 
contains partially blocked traHic signs. The performance of the model tested on a clean 
perfect dataset will be evaluated and compared against the performance of the model 
trained on the augmented dataset to see whether the experiments carried out have had 
a positive impact on the model’s ability to detect partially obstructed traHic signs.   

Since the produced results will all be quantitative, the research will use a multi methods 
approach that combines multiple quantitative analysis methods. These diHerent 
quantitative results will come from evaluating the object-detecting YOLO model and 
producing diHerent metrics such as precision, the recall rate, the F1 score, and the overall 
accuracy with which the model predicts traHic signs. Using multiple quantitative analysis 
methods will result in a more robust and trustworthy evaluation of the model because 
every metric highlights a diHerent feature of the model. This way, when comparing the 



two models’ performance there are multiple scores that could diHer between them. 
Whilst one model might outperform in one of the metrics it could underperform in the 
others, this way the research ensures the models performance is thoroughly evaluated. 
The accuracy percentage evaluates how many of the images the model has accurately 
predicted. The F1 score looks at the balance between precision and recall. F1 score is 
the mean between precision and recall and evaluates how good the model is at predicting 
false positives and false negatives, the higher the score the better the model’s 
performance [54].  

The time horizon of this paper takes a cross-sectional approach in order to identify 
obstructed traHic signs. The approach fits the research design, Fig. 14, because the tests 
will only happen once when the training of the model has finished, meaning that results 
are only collected at a single point in time after training [55]. If the models end up with 
low test scores that require a change to their parameter, those will count as new models 
therefore new experiments that would require to be tested again. The test data will come 
from a completely new dataset the model has never seen previously. This new dataset 
will have partially obstructed traHic signs to test the hypothesis of the study. 

3.1 Hardware, Software & Data 
The hardware used for this research project was a MacBook Pro equipped with an Apple 
M2 chip and 32GB of RAM. This system was suHicient for all the processing needed to 
generate a new augmented dataset and to train and analyse the diHerent YOLO object 
detection models along with all the software used. The main software used for this 
project was Visual Studio Code (VS Code). This was used for writing all the data 
augmentation algorithms, that allowed new images to be generated using an input 
dataset, and for the transfer  learning and fine tuning of the yolo model [52]. The tests 
required to test the accuracy of the model were also writing in VS Code.  

The initial dataset used for training one of the models, as well as producing the 
augmented dataset, is taken from [56]. The data set comes uses mixed traHic signs from 
around the world because there wasn’t a large enough and easily available traHic sign 
dataset with only UK traHic signs. To test the model, the project splits the dataset into 
80/20. 80% of the dataset was used to train a pretrained YOLO model, 20% was used for 
validation and to ensure good generalisation rather than overfitting to the training data. 
This split is commonly used by many machine learning models while training to provide 
enough data for the models to train on while keeping some unseen data to evaluate the 
model’s performance [57]. Included in the same dataset there is already a testing folder 
with images ready to be used for evaluating the model’s performance after training is 
complete. The testing dataset contains a good number of unseen images, around 2000, 
with a similar ratio to the training dataset.  

 



3.2 Implementation 

3.2.1 Augmented Dataset 
The first thing for this study is to augment the dataset so that there are two diHerent 
datasets the two models can train on. The project sets up a virtual python environment 
to keep all the libraries required for the project in one place separated from other global 
libraries that could be installed on the system.  

One of the most important libraries the study makes use of is Albumentations [58]. The 
library allows for some good image augmentation pipelines and is easy to use after 
reading the documentation and understanding the parameters of each transform and 
what they mean in the context of altering the image. The study started oH by sampling a 
few images from the dataset and creating a playground project. This is where a few of the 
images were loaded from disk and then saved as new images after they had some 
transforms applied to them with diHerent parameters. This was done to see the change 
each parameter change would apply to the image and to understand the way the library 
works in a separate project before committing to creating a full pipeline and altering 
thousands of images. The only common parameter is probability p. Each transform was 
applied with probability p, where p = 0 means the transform is never applied and p = 1 
means it’s always applied.  

Fig 15. shows the final augmentation pipeline which includes 5 diHerent augmentation 
transforms, 2 of which the study has created independently by mixing existing 
transformations, Fig 16. The library did oHer a fog transformation however, after diHerent 
experimentation with its parameter the fog did not look right hence the implementation 
of fog_blur. Another transformation the library did not oHer was a scenario where images 
would simulate a nighttime, which was needed to simulate harsher environments for the 
model to train on.  

Fog_blur is made up of Random Brightness Contrast and Gaussian Blur. After 
experimenting with the parameters, Fig. 16, shows the ideal parameters for the study. In 
Random Brightness Contrast, the brightness_limit is the range in percentage the 
brightness is allowed to change, so the image can get between 20% darker and 70% 
brighter, while the contrast_limit defines the percentage range the contrast can change 
+-10. The Gaussian Blur has a blur_limit with a kernel size (or matrix) of between 5 and 
10, where the larger the kernel the more blur is applied to the picture, Fig. 17.  

Night, Fig. 16, is made up of Random Brightness Contrast where the parameters for the 
brightness are set to negative values. This is to make sure that the image always gets 
between 20% and 60% darker, as the study always wants a darker image, but it wants the 
features of the image to still be readable by the model. The contrast is also set to only be 
negative to make sure the colours are less vibrant. Along with the brightness shift, there 



is also a RGB shift. The red and green channels are kept the same while the blue channel 
is slightly altered to add a blue tint to the image often found during nighttime, Fig. 18.    

Random Sun Flare, Fig. 15, is part of the Albumentations experimental library that oHers 
some realistic like scenarios which simulate weather events. The parameters in this case 
have been left as the default parameters. The flare_roi is the position where the sun flare 
will appear in the image and by default it is set to appear in the top half of the image. The 
src_radius is the radius of the sun flare in the image. Src_colour is the colour for the sun 
flare and by default it is set to be a white light. The angle range is the spread the flares 
have from the source flare, a [0, 0] range would make the rest of the flares be in a straight 
light, however, a [0, 1] allows for some random spread. The circle range is how many flares 
should appear on the image. The selected method is how the flare is applied to the image, 
overlay being harsher as it’s applied on top of the image.  

Random Rain, Fig. 15, is also used in the pipeline to simulate rainy weather which is an 
extremely common scenarios in which vehicles are driving under. The slant range is the 
random direction from which the raindrops are coming from. The drop length, width and 
colour set the size and the colour of each rain droplet. The blur value applies a blur eHect 
to the rain droplets, and the brightness coeHicient dims the image, so it appears darker. 

Zoom Blur, Fig. 15, is the last transform used in the pipeline. Zoom Blur is used to make 
the traHic signs look like the camera has taken a picture of the traHic sign in motion. The 
max_factor parameter controls how much zoom should be applied to the image.   

# augmentations array 
augmentations = [ 
    A.RandomSunFlare( 
    flare_roi = [0, 0, 1, 0.5], 
    src_radius = 400, 
    src_color = [255, 255, 255], 
    angle_range = [0, 1], 
    num_flare_circles_range = [6, 10], 
    method = "overlay", 
    p = 1 
    ), 
    A.RandomRain( 
    slant_range=(-45, 45), 
    drop_length = 50, 
    drop_width = 1, 
    drop_color = (200, 200, 200), 
    blur_value = 10, 
    brightness_coefficient = 0.7, 
    rain_type = "default",        
    p = 1    



    ), 
    A.ZoomBlur( 
    max_factor = (1.1, 1.4),    
    p = 1              
    ), 
    night, 
    fog_blur 
] 

Fig. 15: Augmentation pipeline 

night = A.Compose([ 
     A.RandomBrightnessContrast( 
        brightness_limit=(-0.6, -0.2),   
        contrast_limit=(-0.2, 0),     
        p=1 
    ), 
    A.RGBShift( 
        r_shift_limit=0, 
        g_shift_limit=0, 
        b_shift_limit=(20, 60),       
        p=1 
    ), 
]) 
 
fog_blur = A.Compose([ 
    A.GaussianBlur(blur_limit=(5, 10), p=1), 
    A.RandomBrightnessContrast( 
        brightness_limit=(-0.2, 0.7),  
        contrast_limit=(-0.1, 0.1), 
        p=1 
    ) 
]) 

Fig. 16: Created augmentation transforms 

 



 

Fig. 17: gaussian blur + random brightness compared to sun_flare 

 

Fig. 18: Night applied to an image, original (left) compared to augmented (right) 

3.2.2 YOLO Model 
To implement the YOLO models the study relies heavily on the Ultralytics library [59]. In a 
test project the study set up diHerent YOLO model with diHerent depths of the model in 
order to test the time it would take for a model to train and the accuracy a model would 
achieve. This was done to decide on a final model size that oHered quick training and 
good accuracy. The model the study has settled on is a small YOLO model after testing a 
nano, small and a medium model. The nano was the quickest to train, taking around half 
an hour, the small one taking between 1 to 2 hours depending on the size of the dataset 
and the medium model taking over 5 hours on the non-augmented dataset of 6000 
images. The medium model was not tested on the larger 10000 image dataset as it would 
have taken almost double the time and the accuracy provided between the small and 
medium model was looking very similar on both converging towards 1 after around 10 
epochs.  

Fig. 19, shows the code used to train the augmented model. The study makes use of 
transfer learning, which uses an already trained model and fine tuning it’s parameters to 
account for a new dataset. The first line loads a small pre-trained YOLOv8 model that has 
been trained on a ImageNet dataset with a size of over 14 million images [60] [61]. The 



model then takes what it has learned from the previous training and applies it to the new 
dataset being fed into the training step. This allows it to train faster, and it as it only has to 
change a few layers to account for the number of new classes the new dataset has. The 
model has trained for 30 epochs, however after about 10 to 15 epochs the accuracy line 
on the validation dataset has converged and it showed to be around 0.99. The imagesz 
field is the size of the image that the model is being trained on. Based on the given size of 
128, the images are rescaled appropriately making them closer to the target size and then 
padding is added if needed to make the image a square. The size of 128 was chosen as 
the dataset has a varied number of image sizes and most of them being small images, 
leaving it to the default 640 pixel would make some of the images too pixelated for the 
model to learn any valuable feature from them.  The augment argument had to be turned 
oH in order to test the study’s hypothesis. This is something that is turned on by default 
for the model to improve its accuracy and have a more varied set of images.  However, 
since the hypothesis involved comparing a model trained on a non-augmented dataset 
against one that’s trained on an augmented dataset, having the library interfere with what 
augmentation it would add to the data would invalidate the experiment. 

model = YOLO("yolov8s-cls.pt") 
 
model.train( 
    data="data/augmented_dataset/data",       
    epochs=30,              
    imgsz=128,              
    augment=False,      
) 

Fig. 19: Augmented model code. 

To evaluate the YOLO models the study makes use of another library, scikit-learn [62], to 
analyse and come up with diHerent measurable outcomes to compare the models. The 
four evaluation metrics used are accuracy_score, precision_score, recall_score, 
f1_score. They take in two arguments, a y_true and a y_pred, which are the true value of 
the model and the predicted value by the model, respectively. To calculate the y_true and 
y_pred so it could be used by the library, the study created a function calculate y_values, 
Fig. 20. The function takes in a YOLO model, the model it will calculate the values for, and 
a Boolean flag, whether to use the augmented test dataset or the non-augmented 
dataset. Inside the function, there is a loop over the generated results to find the true 
class and the predicted class for a given classification. To find the true class, there is a 
helper function, get_true_class, that loops over a dictionary, names_map, which 
contains all the classes the model has learned and then compares the class within the 
dictionary with the filename in the test dataset to see whether they match. If no class 
matches, then it returns None.  

 



def calculate_y_values(model: YOLO, use_aug: bool): 
    # Select test dataset 
    test_folder = "" 
 
    if use_aug: 
        test_folder = "data/test_dataset_aug" 
    else: 
        test_folder = "data/test_dataset" 
     
     
    names_map = model.names 
    y_true = [] 
    y_pred = [] 
 
    results = model(test_folder, stream=True, verbose=False) 
 
    for r in results: 
        pred_class = r.probs.top1 
 
        filename = os.path.basename(r.path) 
        true_class = get_true_class(filename, names_map) 
 
        if true_class != None: 
            y_true.append(true_class) 
            y_pred.append(pred_class) 
 
    return y_true, y_pred 

Fig. 20: Calculate y values function to be used by scikit-learn library 

 

4 Results & Discussion 
To evaluate the two models thoroughly diHerent metrics were used, at diHerent points in 
the training. The metrics used are a confusion matrix taken on the validation dataset 
during training, accuracy metrics taken on the unseen dataset as well as, precision, recall 
and an f1 score evaluated during testing on the unseen dataset. These wide range of 
diHerent metrics are used to check whether the hypothesis of the study was correct, and 
whether a model trained on an augmented dataset will perform better at detecting 
partially blocked traHic signs, common in real life scenarios.  



4.1 Results 
The model that’s been trained on the original dataset with no augmentations, will be 
called the non-augmented model, whilst the model that’s been trained on the augmented 
dataset will be called the augmented model. The non-augmented model has achieved an 
accuracy of 86.26% when being tested on the unseen original, non-augmented test 
dataset, as seen from Fig. 21. The same model has achieved a significantly lower 
accuracy of only 65.94% when being tested on the augmented test dataset, which 
includes partially blocked signs with realistic weather scenarios. The augmented model 
has managed to achieve higher accuracies on both datasets with 91.78% accuracy on 
the original test dataset and 83.63% accuracy on the augmented test dataset. This shows 
a great improvement overall, but most noticeably, almost 20% improvement on 
detecting partially obstructed traHic signs.   

 

Fig. 21: A comparison between the model’s accuracies 

A similar trend to the accuracy is present in the precision results, Fig. 22. Precision is how 
many of the model’s predictions were correct out of all the positive predictions, for one 
class, and the average is then taken across all classes. The non-augmented model 
achieved an 80.77% precision on the non-augmented test dataset and a lower 62.85% 
precision on the augmented test dataset. The augmented model performed better at on 
both datasets, achieved a higher, 87.27% precision on the original test dataset and a 
74.17% precision on the augmented test dataset. The precision score for both decreases 
when tested on the augmented test dataset, however while the non-augmented model 
decreased around 18% the augmented model only decreased around 13%.  

 

Fig. 22: A comparison between the model’s precision 

The same trend of the augmented model outperforming the non-augmented model 
continues in the recall results, Fig. 23. Recall can be seen as a per class accuracy, of the 
total traHic signs in one class, how many did the model correctly identify. In this 
experiment, recall is first calculated for each class and then the average is taken across 
all classes to calculate the result. The non augmented model achieved a score of 83.7% 
recall on the original test dataset and a score of 62.64% on the augmented tests dataset. 
The augmented model has achieved higher scores for both values, with an 87.69% recall 



on the original test dataset and 77.83% on the augmented test dataset. While the non-
augmented model has a 20% loss when comparing the results of the same model on the 
two separate datasets, the augmented model halves the loss to only 10%.  

 

 

Fig. 23: A comparison between the model’s recall 

The augmented model outperforming the non-augmented model trend continues when 
looking at the f1 score values produced by evaluating both models, Fig. 24. The f1 score 
means to balance both the precision and recall. A high f1score meaning the model is 
good at correctly identifying the traHic sign without making too many mistakes. The non 
augmented model achieved a f1 score of 78.73% on the original test dataset, while 
achieving a much lower score of 57.51% on the augmented dataset. The f1 score for the 
augmented model achieved a higher 84.55% score on the original test dataset and a 
72.96% on the augmented test dataset. The diHerence between the results for the first 
model is around 20% and the diHerence between the augmented model being much 
lower at around 10% whilst still being above a good score of 70%. 

 

Fig. 24: A comparison between the model’s f1 score 

Fig. 25 shows the normalized confusion matrices for the non-augmented model (left) and 
the augmented model (right), this can be seen in more details in the appendix. The 
matrices were generated using the Ultralytics library and evaluated on the validation set 
obtained from an automatic dataset split, 80% of the data being used for training and 20% 
for validation. Both models show a strong performance with most of the prediction being 
on the diagonal line, indicating a high rate of classification (closest to 1). However, looking 
at the matrices, the non-augmented model has fewer oH diagonal predictions compared 
to the augmented model, indicating a better performance on the validation set.  



Fig. 25 Normalized confusion matrix of the non-augmented model (left) and augmented model 
(right) – see appendix for labels and larger images 

 

 

4.2 Discussion 
When evaluating the accuracy, the non-augmented model performed well on the original 
dataset with it being 86.26% accurate, meaning that 9 out of 10 times the model predicts 
the correct traHic sign in perfect weather conditions. However, the massive 20% 
diHerence achieved on the augmented dataset, has real life implications especially in 
autonomous vehicles. Only being able to identify 6 out of 10 traHic signs during adverse 
weather or during nigh time would be very dangerous for everybody on the road. Adverse 
weather is a common occurrence, and many people drive at night so any partial 
obstructions such as rain, rain, shadows or low light aHecting the model’s prediction 
capabilities aHects the reliability of the model. A poorly reliable model increases the risk 
to accidents. The non augmented model has learned some features from the training 
dataset, however, by not having a bigger and more diverse dataset the model only 
focused on clear features of images and fails to identify slight variations. The augmented 
model outperformed the non-augmented model, with 91% accuracy in perfect weather 
condition, and 83% accuracy for the augmented dataset. Being able to identify 8 out of 
10 traHic signs during poor driving conditions is a massive diHerence compared to the 
non-augmented model. It is a more reliable model, and it suggests that augmentation 
and training on a bigger and more varied dataset have helped the model generalise to 



more diHicult scenarios that are similar to real life scenarios. The non-augmented 
model’s performance aligns with the gap described in [45], which highlights a 
performance drop in traHic signs detection systems when exposed to real-world 
conditions and challenges such as low light. The augmented model’s performance also 
dropped when tested against the augmented dataset, however, the drop is significantly 
smaller and has kept the accuracy to a similar level the original model was when 
evaluated on perfect data. This shows augmenting the dataset has improved the 
robustness of the model in real-world scenarios. While the 83% accuracy is a good result 
for the augmented model and it is a great improvement compared to the non-augmented 
model, it is still lower than the 91% it achieved on the original dataset. The 8% diHerence 
is significant for a critical system and shows that work is still needed to improve the 
accuracy in real life scenarios. In countries like the United Kingdom where rain is 
common the model is more likely to perform around the 80% accuracy range identified 
during testing. Further work on the augmented dataset, such as more diHicult 
augmentations or a larger dataset, could improve the model’s accuracy and use in such 
countries.  

The results obtained from the precision test show that the augmented model has 
produced more reliable results compared to the non-augmented model. The model has 
achieved a higher percentage in during both tests which means the model produces less 
false positives, especially when evaluated against the more challenging dataset model 
with a 12% increase in its precision. Since precision means how many times a model has 
correctly identified the class of an image correctly, a decrease in the result means the 
model is falsely classifying more images. The data shows a decrease in both model’s 
precision levels when given more challenging data from the augmented dataset, 
however, there is less of a decrease from the augmented model than on the non-
augmented model. This smaller decrease in performance indicates the augmented 
model is more robust and has relied on less weak features that could be easily altered by 
introducing weather like augmentations to a scenario. This increase in the precision of 
the augmented model suggest that the model is able to generalise more eHective to 
unseen data. With this, and the model’s ability to learn and transfer more complex 
features from images, the model is better suited for use in real life scenarios. However, 
while the augmented model’s precision is better compared to the non-augmented 
model, its score is nowhere near perfect and shows there is room for improvement. To 
ensure a safer use in real world scenarios the model could benefit from additional 
training data, or additional more complex augmentations being applied to the dataset.  

The recall results demonstrate a consistent pattern between the augmented and non-
augmented model. While both models perform well being tested on the original non-
augmented test data set, showing there is potential that both models have a high chance 
of performing well under perfect conditions, the augmented model performs a lot better 
on the augmented dataset. This shows that data augmentation helps to improve how 



robust a model is and indicates the model is missing less traHic signs, aligning with the 
hypothesis. The recall formula is 

𝑹𝒆𝒄𝒂𝒍𝒍 = 	
𝑻𝒓𝒖𝒆	𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔

𝑻𝒓𝒖𝒆	𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔 + 𝑭𝒂𝒍𝒔𝒆	𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔 

in other words, out of all the traHic signs belong to a class, how many were correctly 
identified and how many were missed.  This is especially import for traHic signs since 
means a sign completely has more of an impact that miss interpreting it. If the car 
misinterprets a sign, it knows there was a sign there and however, if it misses it 
completely the car will have no idea there was supposed to be a sign at all and could 
result in worse consequences. The 20% drop in the recall score for the non-augmented 
model means the model is very sensitive to variations in the data. This also means that 
the model has learned features from the training data and does not generalise well to 
unseen variations for the same data. Compared to the non-augmented model, the 
augmented model has halved the diHerence it loses between the original and augmented 
test dataset. This suggests the model was able to make assumptions based on the 
features it learned during training and better generalise to unseen data. This also means 
that the model misses substantially less traHic signs, a 15% diHerence between the 
augmented and non-augmented model, results in a model that’s better suited for 
experiments in less than perfect real-world scenarios. However, the score achieved for 
both models is an average taken between all the classes of the dataset. This is a problem 
as the average has been aHected because of the dataset. As seen from the warning in, 
Fig. 23, some of the classes had no true positives, they were completely missing from the 
test dataset, better seen in the report from the appendix, and as a result the calculation 
was set to 0. This would be a problem if the recall was calculated diHerently for the 
model, however, because the study uses the same datasets for calculating the recall for 
the model, this has equally aHected both model’s recall score. While, this is not perfect, 
it shows there is class imbalance in the test datasets, and it shows there are missing 
classes in the test datasets.  

The F1 score is a balance between precision and recall scores achieved by the models. A 
high F1 score would suggest that the models are good at both reliably predicting the 
traHic signs and avoiding too many false positives. While a high f1 score is visible for both 
models on the non-augmented test dataset, the non-augmented model is drastically 
aHected when tested against the augmented test dataset. This is the first time a model 
has performed rather poorly compared to the other estimates, with a score below 60%. 
This score suggest that the model’s macro average was aHected by the unbalanced 
dataset and the model is not very reliably classifying images (precision) or the model is 
missing some of the traHic signs completely (recall). Looking at the augmented model, 
the drop between the model’s performance on the original test dataset and augmented 
dataset is smaller when compared to the other model, 10% drop, compared to 20% drop. 



This suggest that the model is more robust due to being trained on the augmented dataset 
and is a safer model to real world applications. Even though the drop is halved, the drop 
is still aHecting the model’s performance, only achieving just above 70%. This result is 
good for a vehicle under harsh weather conditions but there is still room for improving the 
score to make it more reliable and robust in those scenarios. What has probably aHected 
the score the most is the lack of some classes in the test data, as seen with the recall 
score and warning. The score would see an increase if the test dataset would be larger 
and include all the classes the model’s been trained on.  

The normalized confusion matrix from Fig. 25, shows that both models achieve a high rate 
of classification, noted by proportion of classifications along the diagonal line. This 
suggest that during validation both models were able to extract useful features out of the 
images. However, when comparing the two matrices there is a very clear diHerence 
between the oH diagonal results. While the non-augmented model has a few oH diagonal 
classifications, the augmented model has more, meaning the augmented model 
misclassifies a larger number of traHic sings. This indicates a stronger performance for 
the non-augmented model on the validation set. The validation dataset comes from a 
80/20 split within the training dataset. It has to be noted that the confusion matrices 
come from diHerent datasets, since the split comes directly from the training dataset, 
thus, the non-augmented model is validated against non-augmented images while the 
augmented model is validated against augmented images. Looking at the confusion 
matrix for the non-augmented model, there are very few misclassifications. Since the 
20% validation data comes from the same dataset as the training, this could indicate a 
very strong potential of model overfitting. While the non-augmented model is performing 
very well almost close to 100% accuracy on the validation dataset and then drops to 86% 
on a non-augmented test dataset it could indicate the model has overfitted and learned 
more than features from the training dataset. In comparison, the augmented model 
shows more misclassifications on the confusion matrix, as seen by the increased 
number of oH diagonal classifications. This indicates the model being less tightly fitted to 
the training dataset and is also backed up by the other results it achieved against the 
augmented test dataset. These results show that a strong performance during validation 
does not translate to a strong performance during testing.   

Based on the accuracy, precision, recall and F1 score, where the augmented model has 
outperformed the non-augmented model, the augmented model is the choice to take 
forward in a critical system such as autonomous vehicles, see appendix for a detailed 
report table comparing the augmented model’s performance on the unseen augmented 
test dataset. This indicates that the augmented model is more accurate and more robust 
in identifying obstructed traHic signs in challenging conditions. This demonstrated that 
data augmentation has made an impact and has helped the model generalise better on 
unseen data proving the hypothesis. 



Overall, based on the results found during evaluation, the research question was 
answered, and the results have shown that without any data augmentation applied to the 
images, the model will struggle to accuracy recognise traHic signs. The results also 
supported the hypothesis of the study, showing that applying data augmentation during 
training has improved the model’s generalisation on unseen, obstructed traHic data. With 
the hypothesis proven, this also proves the initial research question, and it demonstrates 
that a model can maintain accurate sign recognition when the signs are partially 
obstructed by weather events, but the models need help during training to understand 
what features to extract in such scenarios. While some performance decline can be 
observed in the augmented model’s performance on the more challenging images, it has 
still outperformed the non-augmented model. This shows there is potential for future 
work to expand on the augmentation methods used to improve the model’s robustness.  

5 Limitations & Future Work 

5.1 Limitations 
This study was aHected by several problems, with the biggest problem caused by the 
dataset. Trying to find a good-sized dataset with many examples of traHic signs that was 
good for training a YOLO model to detect objects proved challenging and resulted into the 
study scaling back and working with YOLO for classification instead. Even for 
classification it took a long time to try and find a decent sized dataset. This is where the 
second problem came into eHect, the size of the dataset. The dataset found is of 
relatively small to train a model on. When splitting a 6000-image dataset 80/20 between 
training and validation the dataset becomes even smaller and leaves just 4800 images 
for training. As a direct result of this the non-augmented model suHered as seen from the 
results always being lower than the augmented model. This was the case even when 
classifying the non-augmented images during testing where that is exactly the type of 
data the model has trained on. Data imbalance within the dataset is the other problem 
caused by the found dataset. Whilst the dataset oHered a lot of classes which is good for 
the model’s training, it lacked a good balance between all the classes. Some of the 
classes would have hundreds of images whilst other will only contain a few images, with 
some classes contain as few as 5. This has definitely had an impact on the model’s ability 
to detect some of the classes as there just wasn’t enough data for the model to train on. 
This problem was carried over into testing the model, the testing dataset was lacking 
some of the classes all together as seen from the warning in coming on during the recall 
evaluation and seen in the appendix in the detailed classification report, where multiple 
classes have 0 images. These limitations would suggest that future research could 
benefit from a larger, more balanced dataset to improve the model performance and 
generalisability. 



5.2 Future Work 
Looking at the results and the limitations working on the dataset would be a good starting 
step to improve the models. This could mean looking for a diHerent dataset that keeps a 
similar number of classes and increases the overall number of training images or 
improving the current dataset by merging or manually adding similar images from other 
datasets. This would also result in a larger and more varied dataset that could be 
improving the overall performance of the models.  

Identifying a diHerent dataset that would be better suited for object detection rather than 
object classification would also be something worth considering in the future. As this 
experiment has proved, augmenting the data helps improving the model’s generalisability 
on unseen images, therefore the same would be expected while doing the experiment on 
object detection. Doing object detection in the future would prove whether the same 
hypothesis can be applied there and it would be more suited for autonomous vehicles. 
The object classification experiment proves that the model generalises well on unseen 
traHic signs only, but more research is needed to see whether an autonomous vehicle is 
also able to generalise on unseen data when there are more objects in an image.  

Something that could be considered for the future would be a bigger range of experiments 
with the augmentations. Due to time constraints, a limited number of combinations and 
experiments were tried but there are many other weather events that could potentially be 
simulated by augmenting data. Some of the augmentations to be considered could 
include, snow buildup or snowing, icy conditions and heatwave distortion. While rain was 
already part of the augmented dataset, further experiments could be tried with diHerent 
variations of rain, drizzle and torrential. A combination of more than one augmentation, 
such as rain and night, on the same image would also push the model’s limits and would 
create even more challenging data to test the model on. 

 

6 Conclusion 
This project taught me a lot of valuable information about the world of autonomous 
vehicles and how image detection in a computer vision system works. I was able to apply 
my existing CNN knowledge and expand it further into more specialised deep learning 
models like YOLO. While I ended up choosing YOLOv8 for the final model, the prior 
research into all YOLO versions and similar deep learning models such as ResNet and 
DenseNet, has strengthen my understanding of modern object detection architectures. 
One aspect that went really well and exceeded my initial expectations were the results I 
archived training the models. Initially I was expecting the models to achieve around 70% 
accuracy, however, both models were able to achieve a much higher accuracy and even 
have achieved a higher accuracy on the augmented test dataset. I am happy to have 



learned how to thoroughly evaluate a model by learning about diHerent metrics such as 
precision, recall and the f1 score. Although I would have wanted to put the models under 
more tests, such as a T-test, I was able to thoroughly assess the models under the given 
circumstances and timeframe. While the timeframe was tight and it posed a challenge, I 
believe it taught me how to manage more than one complex projects at the same time, 
balancing this project and work projects.  

However, there were some challenges that I wasn’t expecting and I wasn’t prepared for. I 
was not expecting finding a good dataset would prove to be this diHicult. I spend longer 
than expected looking for a good dataset made for object detection, but I ended up having 
to scale back the project slightly and use YOLO for classification instead. While the 
outcome is similar and I don’t think the results would be too diHerent, it would have been 
an interesting experiment to see if other objects would have had an impact on the model. 
Class imbalance was the other challenge introduced by the dataset, it made it so the 
model would have less experience with some of the classes and made it more prone to 
errors.   

Overall, I think this has been a successful project that has strengthened my technical 
knowledge in machine learning and improved my research skills.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 



7 Appendix 
Class Labels 

ClassId Name 
0 Speed limit (5km/h) 
1 Speed limit (15km/h) 
2 Speed limit (30km/h) 
3 Speed limit (40km/h) 
4 Speed limit (50km/h) 
5 Speed limit (60km/h) 
6 Speed limit (70km/h) 
7 speed limit (80km/h) 
8 Dont Go straight or left 
9 Dont Go straight or Right 
10 Dont Go straight 
11 Dont Go Left 
12 Dont Go Left or Right 
13 Dont Go Right 
14 Dont overtake from Left 
15 No Uturn 
16 No Car 
17 No horn 
18 Speed limit (40km/h) 
19 Speed limit (50km/h) 
20 Go straight or right 
21 Go straight 
22 Go Left 
23 Go Left or right 
24 Go Right 
25 keep Left 
26 keep Right 
27 Roundabout mandatory 
28 watch out for cars 
29 Horn 
30 Bicycles crossing 
31 Uturn 
32 Road Divider 
33 TraHic signals 
34 Danger Ahead 
35 Zebra Crossing 
36 Bicycles crossing 
37 Children crossing 
38 Dangerous curve to the left 
39 Dangerous curve to the right 
40 Unknown1 
41 Unknown2 



42 Unknown3 
43 Go right or straight 
44 Go left or straight 
45 Unknown4 
46 ZigZag Curve 
47 Train Crossing 
48 Under Construction 
49 Unknown5 
50 Fences 
51 Heavy Vehicle Accidents 
52 Unknown6 
53 Give Way 
54 No stopping 
55 No entry 
56 Unknown7 
57 Unknown8 

 

Classification Report 

Class Precision Recall F1-Score Support 

0 0.750 0.923 0.828 13 

1 0.769 0.833 0.800 12 

2 0.968 1.000 0.984 60 

3 0.975 0.891 0.931 129 

4 0.656 0.955 0.778 22 

5 0.948 0.802 0.869 91 

6 0.706 1.000 0.828 12 

7 0.926 0.694 0.794 36 

8 0.947 0.947 0.947 76 

9 1.000 0.929 0.963 84 

10 0.000 0.000 0.000 0 



11 0.000 0.000 0.000 0 

12 0.725 0.877 0.794 57 

13 0.500 1.000 0.667 2 

14 0.900 0.750 0.818 12 

15 0.375 0.750 0.500 8 

16 0.857 0.600 0.706 10 

17 0.737 0.538 0.622 26 

18 0.333 0.500 0.400 2 

19 0.974 0.841 0.902 132 

20 0.885 0.958 0.920 24 

21 0.970 0.941 0.955 68 

22 0.806 0.962 0.877 26 

23 0.852 0.893 0.872 84 

24 0.744 0.941 0.831 34 

25 0.621 1.000 0.766 18 

26 0.250 1.000 0.400 2 

28 1.000 0.625 0.769 8 

29 1.000 0.957 0.978 46 

30 1.000 0.917 0.957 12 

31 0.958 0.885 0.920 26 



32 0.667 0.050 0.093 40 

33 0.373 0.633 0.469 30 

34 0.808 0.724 0.764 58 

35 0.533 1.000 0.696 8 

36 1.000 0.375 0.545 8 

37 0.938 0.833 0.882 18 

38 0.793 0.629 0.702 116 

39 0.138 0.167 0.151 24 

40 0.105 1.000 0.190 2 

41 0.333 0.857 0.480 14 

42 0.875 0.700 0.778 10 

43 1.000 0.833 0.909 6 

44 0.950 0.905 0.927 42 

45 0.865 0.900 0.882 50 

46 0.778 0.700 0.737 20 

47 0.800 1.000 0.889 4 

48 0.903 0.933 0.918 30 

49 1.000 1.000 1.000 2 

50 0.966 0.966 0.966 175 

51 0.964 0.931 0.947 58 



52 0.854 0.875 0.864 40 

53 0.667 1.000 0.800 4 

54 1.000 0.767 0.868 30 

55 0.911 0.820 0.863 50 

56 0.923 0.857 0.889 14 

57 0.000 0.000 0.000 0 

--- --- --- --- --- 

Accuracy 
  

0.836 1985 

Macro Avg 0.742 0.778 0.730 1985 

Weighted Avg 0.873 0.836 0.842 1985 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Normalised confusion matrix of the augmented model. 

 

 

 

 

 

 



Normalised confusion matrix of the non-augmented model. 
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