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Application of Outlier Detection for Volvo Trucks Safety Scoring
Classification of drivers based on their driving behavior and assigning safety score
using unsupervised learning and object detection.
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Department of Electrical Engineering
Chalmers University of Technology

Abstract
Improving safety and preventing accidents is a pressing concern in today’s growing
demand for increasing transportation services. To ensure road safety protocols and
minimize traffic-related incidents, Volvo Trucks has committed to evaluating and
improving driver behaviour through advanced data analysis and machine learning
techniques. This thesis explores the application of outlier detection methods to
evaluate and improve safety scoring of Volvo truck drivers based on the driver’s
behavior, braking and acceleration patterns, and contextual traffic conditions. The
data from the truck’s Advanced Driver Assistance Systems, including brake pedal
position, longitudinal acceleration, and longitudinal velocity, is used to examine the
braking behaviour of the drivers during Pre-brake and Full-brake events from the
CW-EB. These behaviors are then clustered using unsupervised learning and vec-
tor quantization techniques to classify them into different driving risk levels and
assign safety scores. Additionally, YOLOv8, an object detection model, is intro-
duced to determine whether the event was caused by the driver or the surrounding
environment.

Keywords: Outlier detection, Safety score, Time Series Data analysis, Clustering,
Vector Quantization, Machine Learning, Pre-Brake, Full-Brake, CW-EB, K-means,
YOLO.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed here:

ADAS Advanced Driver Assistance Systems
ABS Anti-lock Braking System
AEBS Advanced Emergency Braking System
AI Arti�cial Intelligence
CNN Convolutional Neural Networks
CW-EB Collision Warning with Emergency Brake
DAS Driver Assistance System
FCW Forward Collision Warning
IQR Interquartile Range
LBG Linde�Buzo�Gray
LKS Lane Keeping System
LSTM Long Short-Term Memory
RID Reading-ID
R-CNN Regions with Convolutional Neural Networks
SQL Structured Query Language
TTC Time To Collision
TTR Time To React
TSKM Time Series K-Means
V8 Version 8
VID Vehicle-ID
VQ Vector Quantization
WCSS Within-Cluster Sum of Square
SSD Single Shot MultiBox Detector
YOLO You Only Look Once
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Nomenclature

Below is the nomenclature of variables that have been used throughout this thesis.

Variables

Ego Vehicle The following vehicle from which the data is extracted for analysis.

Leading Vehicle The vehicle followed by the ego vehicle

� Tuning parameter in LGB algorithm

Segment Period of unsafe event of individual drivers

k OR

X Feature vector

VID Each vehicle is identi�ed by a unique id called Vehicle-ID

RID Each VID can have multiple drivers and they are identi�ed by a
unique id called Reading-ID

Vd Velocity di�erence between the following and leading vehicles

VE Velocity of the Ego vehicles

VL Velocity of the leading vehicles

amin Minimum Acceleration

aaverage Average Acceleration

� E Percentage reduction in Kinetic Energy

t0 Triggering point to braking

t1 Maximum deceleration point

S�nal Final score

w Weights to evaluation techniques

Sbrake Score from the braking pattern

Srisk Score from the driving risk levels

Swarnings Score from the TTC warning

Sobject Score from the object detection results
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f safe (t) Acceleration curve of the safest pattern

f seg(t) Acceleration curve of the segment of individual RIDs

A Area between the segment and the safest pattern

D(t) Distance between the following and the leading vehicle in time

Braking Fault status from the object detection algorithm as 1

Normal Fault status from the object detection algorithm as 0

Sintentional Intentional Score of the safety scoring system

Scontextual Contextual score of the safety scoring system

tp time period in which the acceleration data is obtained.
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1
Introduction

Transportation plays a huge role in the global economy, with trucks being a critical
source for moving goods. Millions of trucks travel through cities and countries every
day, ensuring timely delivery of products. However, the safety of truck drivers and
other road users is a pressing concern. In the US, 5,837 heavy trucks were involved
in fatal crashes in 2022, which is 1.8% increase from 2021 and 49% over the last
ten years [1]. Furthermore, 120,200 heavy trucks were involved in accidents in 2022
that resulted in injuries, a 2.5% increase over 2021. Involvement rates per 100 mil-
lion miles traveled by large trucks have increased by 24% in the last ten years and
by 3% in 2021 [1]. Nearly 95% of serious tra�c collisions are due to human error,
with over 70% of commercial �eet collisions involving distracted drivers [2]. These
statistics demand an urgent attention in improving the safety measures within the
truck industry to prevent the risks of collision, injuries or causalities [1].

With a commitment of achieving 100% safety, Volvo trucks monitors driver be-
haviour such as harsh braking and acceleration, as well as intervention by active
safety systems to avoid an incident or accident. This helps �eet managers and drivers
identify areas of improvement and contribute towards safer transports. Applying
machine learning models to driver data can provide a solid solution for enhanced
driver behaviour analysis by examining driver's responses to particular situations
and identifying anomalies in driving patterns.

1.1 Background and Motivation

Volvo trucks has a service called �Safety Reports� that gets data from the active
safety systems on the trucks and presents them in a reports that can be easily as-
sessed by �eet managers. This provides information to �eet managers regarding the
safety behavior of drivers in their �eets. However, this existing safety report does
not o�er any insights on the driving style, behaviour of the driver during critical
events, tra�c density, dynamic road conditions, driver attention or other external
elements that in�uence driver behaviour and safety during an event.

To address these limitations, a system was created to assign scores to the drivers
based on their driving style and driving behaviour. This can help �eets understand
how a driver's actions a�ect their operations, either positively or negatively. It also
encourages drivers to become more involved and engaged while driving. When the
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1. Introduction

scoring system is fair and easy to follow, it not only helps identify problems but
also sets clear goals and rewards for drivers, encouraging them to improve their
performance. We have implemented this safety scoring system using unsupervised
learning and object detection algorithms to improve the existing methodology for
implementing the safety score at Volvo.

1.2 Objective

The study aims to create a safety scoring system for truck drivers. This is achieved by
analyzing the longitudinal acceleration signals of trucks during Pre-brake and Full-
brake events in the CW-EB system, as described in Section 1.4.1. Additionally, an
object detection technique is employed to further re�ne the analysis. Based on these
factors, a safety score is formulated to evaluate and validate driver performance.

1.2.1 Scope

ˆ Study the patterns of rapid deceleration during near crash events.
ˆ Group similar patterns of driving style and driving behaviour of various drivers

using Linde-Buzo-Gray algorithm [3], K-Means [4], and TTC principles [5].
ˆ Apply You Only Look Once [6] object detection on the video during the event

to determine the behaviour of the vehicle in-front/ego vehicle.
ˆ Formulate a comprehensive scoring system that understands the intention of

the drivers and context of the surrounding in which the unsafe event has
occurred.

ˆ AI chatbot (chatgpt and claude) were used for language improvement in the
report writing, especially used in sentence correction and spelling checks.

1.2.2 Limitations

This work is subjected to the following limitations:
ˆ The analysis is subjective to the data obtained from the CW-EB databases

and similar results are guaranteed but there can be some deviation in the
results when a new extract of data is used. Pre-processing is a must in the
ways mentioned.

ˆ The accuracy of distance travelled, acceleration, and velocity of the leading
vehicle is not guaranteed.

ˆ The object detection model was trained on a limited number of images due to
time constraints and might provide wrong or no results on new image/video.

ˆ Real time deployment of the object detection model is not guaranteed as the
work is in initial stages and no benchmarking was conducted.

1.3 Related Work

The related works highlight various approaches to driver risk assessment and behav-
ior analysis using di�erent methodologies and datasets. Zheng et al. [7] conducted

2



1. Introduction

a naturalistic driving experiment in China, collecting extensive data on near-crash
incidents to classify driving risk levels through K-means cluster analysis. Naito et
al. [8] focused on classifying rapid deceleration events into distinct braking patterns
to evaluate driver risk levels. Mumcuoglu et al. [9] developed a real-time evaluation
system for heavy-duty vehicles, using an Long Short-Term Memory (LSTM) based
model to classify risky acceleration and braking behaviors [10]. Abbas et al. [11]
used discriminant analysis on data from the Naturalistic Truck Driving Study to
predict safety-critical events based on deviations in trucking behavior. Pirhonen et
al. [12] introduced a novel brake light detection algorithm using YOLOv3 and Lab
colorspace thresholding to enhance predictive braking systems.

1.4 Background Information

An overview of the ADAS sub-systems is provided to explain how each sub-system
functions and contributes to the development of the safety scoring system that we
aim to implement.

1.4.1 Collision Warning with Emergency Brake

The Collision warning with emergency brake (CW-EB) is a system that alerts the
drivers to avoid the risk of rear end collision against the vehicle in front. The system
measures and detects the locations and dynamics of vehicles within the sensor's area
of vision by combining data from RADAR and camera. When a vehicle is detected
ahead, the system assesses whether it poses a risk and whether the driver has enough
time to avoid it. The device alerts the driver �rst if there is very little time left for
them to respond by braking or steering. The system applies the brakes to the truck
if it determines that a collision is still likely to happen. This is done to prevent a
collision or lessen its severity. CW-EB is activated automatically when the truck is
started (at key ON), and is available at speeds above 10 km/h. The pre-warning is
available above 30 km/h [13].

There are �ve major phases at which the CW-EB system works:
ˆ No warning , this is a phase where there is no close proximity between the

ego and the leading vehicle.
ˆ Cautionary warning , this is the period where the ego vehicle is entering and

getting closer to the leading vehicle and a visual indicator is displayed on the
head-up display to make the driver cautious.

ˆ Imminent warning , this is the period in which the ego vehicle is almost close
and will eventually lead to a collision, visual and auditory signs are given to
the driver to be aware and behave according to situation.

ˆ Mitigating , this is the period where the ego vehicle's speed is drastically
lowered and is almost at the verge of stopping to avoid crashing with the
leading vehicle.

ˆ Overriding , this is the period in which the ego vehicle is in the closest possible
proximity, such as situations like drowsiness or un-consiousness, and this will
lead to a collision with the leading vehicle when the driver is not cautious

3



1. Introduction

enough, so the CW-EB system will perform a full brake and make the ego
vehicle stop completely.

Figure 1.1: Stages at which the CW-EB Activation Sequence occurs

1.4.2 Lane Keeping System

Lane Keeping Systems (LKS) with corrective steering is a driver assistance system
that provides steering control and warnings when the truck approaches lane mark-
ings [13]. If the truck inadvertently deviates from its lane, the driver may receive a
warning through a vibrating steering wheel, a steering intervention, or both. These
functions are controlled by a switch on the instrument panel, and the corresponding
LED lights up when a function is activated. The system operates under speci�c
conditions:

ˆ The steering and/or warning function is turned on.
ˆ The truck is traveling at a speed greater than approximately 55 km/h.
ˆ The lane is clearly marked and at least 2.8 meters wide.
ˆ There are no intentional maneuvers or the vehicle is returning to its lane.
ˆ The driver has not used the turn signals or recently applied the brakes.

1.4.3 Driver Alert Support

Driver Alert Support (DAS) is a driver support system that informs about the
driver's level of attention on driving. The system attracts the driver's attention
if driving ability is impaired, for example, if the driver is falling asleep. DAS is
switched on automatically when the truck is started and the function is activated
at a speed of 65 km/h [13].

The system is controlled by a switch on the instrument panel. When the LED in the
switch illuminates, the system is turned on. DAS uses the truck's lane keeping to
determine the driver's level of attention. When the truck is not following the road
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markings in a smooth manner, the driver is warned by means of a message in the
display and an acoustic signal.

For DAS to work, the following conditions must be met:
ˆ Driver Alert Support (DAS) is turned on.
ˆ The road has legible lane markings.
ˆ DAS initiates itself when the truck's speed is greater than 65 km/h to actively

monitor the drivers ability to continuously drive the truck.
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2
Theory

This chapter delves into the concepts and methods involved in developing the safety
scoring system for Volvo. It provides a detailed explanation of the techniques used
to o�er a clearer understanding of how the safety scoring system is formulated.

2.1 Outlier

Outliers are observations or measures that are suspicious because they are much
smaller or much larger than the vast majority of the observations as in �gure 2.1
[14]. They are data points that stand out due to their signi�cant deviation from the
typical patterns observed within a dataset. Outliers can appear for many reasons,
such as natural deviations in population behavior, fraudulent activities, and human
or system errors. Outlier detection is a statistical procedure that aims to �nd such
events or items in a given dataset. Use of outlier detection for the safety scoring sys-
tem plays a major role in assessing and enhancing driver safety. By using AI models
in outlier detection, the aim is to identify abnormal driving behaviour among a large
dataset of �eet records. Traditional outlier detection methods, such as Z-score [15]

Figure 2.1: Outlier data points from a scatter plot

and Interquartile Range [16], have been used for identifying data points that deviate
signi�cantly from the norm. Although they are e�ective in many scenarios, these
methods come with limitations. They often assume speci�c data distributions and
struggle with non-linear relationships and high-dimensional datasets. On the other
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hand, AI-based outlier detection methods adapts to changing patterns, handle high-
dimensional data, and automatically capture complex relationships. Their ability
to learn from data make them valuable in scenarios with evolving driving behaviors.

2.2 Vector Quantization

Vector Quantization (VQ) is a technique that quantizes continuous or discrete data
into a �nite number of representative vectors, also referred to as codevectors or
simply referred to as centroids, and it is widely used in applications like speech and
image compression, data clustering, and data pre-processing tasks. Vector quantiza-
tion seeks to achieve a compact representation of the data while retaining as much
as information possible by minimizing the distortion between the input data and
the codevectors.
The bene�ts of using vector quantization techniques [17]:

ˆ Data compression : VQ is suited for applications like picture and audio
compression since it can accomplish large data compression with very little
information loss.

ˆ Noise reduction : By substituting representative code vectors for individual
data points, VQ can assist noise �ltering in data by producing smoother and
more reliable representations.

ˆ Pattern recognition : For tasks like feature extraction, clustering and clas-
si�cation, VQ can be used for �nding patterns or structures in data.

2.2.1 Linde-Buzo-Gray Alogrithm

The Linde�Buzo�Gray algorithm is an important method used for vector quantiza-
tion. It was developed by Yoseph Linde, Andres Buzo, and Robert M. Gray, and
primarily aimed at designing the optimal codebook for representing a set of data
vectors [18].
The LBG algorithm is e�ective for designing codevectors from a large data, obtain-
ing the hidden patterns as representative vectors and forming a converged codebook.
The optimization objective is usually to minimize the distortion or mean squared
error between the data vector and its closest code vector in the codebook.

The LBG algorithm, illustrated in Figure 2.2, works in the following way:
1. Initialize Codebook : As a �rst step, we initialize a codebook at the mean

of the entire dataset.
2. Expanding Codebook : The codebook is expanded by adding and subtract-

ing a small value� which equals to 0.01, it creates a slight variation in the
initial centroid to start the clustering process e�ectively.

3. Assign data points to the Nearest Centroid : By calculating the nearest
Euclidean distance to data points from each centroid, a cluster id is assigned
to cluster data points of similar ids as cluster groups.

4. Update Centroid : Now the mean of the data points that have similar cluster
ids are taken and updated as the new updated codebook.

8



2. Theory

Figure 2.2: Work�ow of LBG clustering.

5. Convergence Check : Here, we check if the distance between the old and the
new code vector is less than� or not. If this criterion is met then we have the
converged code vector which is the representative vector that we need, else we
go to step 2 to start expanding the updated code vector and this goes on until
we obtain the required converged codebook.

2.3 Clustering Techniques

Clustering is a type of unsupervised learning where the references need to be drawn
from unlabelled datasets. The goal of clustering is to group data so that the data
points in the same group are more similar to each other than to those in other
groups. In short, it is a collection of objects based on their similarities and dissimi-
larities.

This technique can be used in solving the following problems [19]:
ˆ Anomaly, novelty or discord detection : Anomaly detection are methods

to discover unusual and unexpected patterns.
ˆ Pattern discovery : To discover interesting patterns in databases.

This can also be referred to as aSemi-Supervised Machine Learning approach,
as the data set provided was labeled. The unsupervised model was trained to capture
the hidden patterns in the labeled dataset [20].

2.3.1 K-means Clustering

K-means is a centroid-based clustering algorithm, where we calculate the distance
between each data point and a centroid to assign it to a cluster. The goal is to
identify the K number of groups in the dataset [4].
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Figure 2.3: Work�ow of K -means clustering [21]

Assigning each data point to a group is an iterative process that gradually results
in data points being clustered according to comparable traits, as seen in Figure 2.3.
The goal is to determine which correct group each data point belongs to minimizing
the sum of the distance between the data points and the cluster centroid.

The Elbow method , see Figure 2.4, is a graphical method that �nds the idealK
value based on the premise that the sum of the squared distances between points
and their cluster centers (WCSS) will decrease with increasing number of clusters.
Thus the data is e�ectively divided into progressively smaller groups, and the point
at which the �t of the clusters is not considerably improved by adding more clusters
is sought after.

Figure 2.4: Elbow Method for �nding the optimal K value for given data.
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2.3.1.1 Time Series K-Means Clustering

For a given dataset ofn time-series dataD = f F1; F2; : : : ; Fng, where Fi are the
features chosen from the dataset, time seriesK -means clustering is the process of
forming the unsupervised partitioning ofD into C = f C1; C2; : : : ; Ckg, in such a
way that homogeneous time-series are grouped together based on a certain similar-
ity measure [19]. EachCi is called a cluster, whereD =

S k
i =1 Ci and Ci \ Cj = ; for

i 6= j [19].

Figure 2.5: Example of sliding window fortp seconds of deceleration data was
then segmented out for clustering to analyse the braking behaviour of drivers.

In this thesis the Subsequence time-series clustering , a set of subsequences of
a time-series data was extracted via a sliding window i.e. a segment from a single
long time-series data [19] is extracted to analyze the rapid deceleration patterns of
drivers. In Figure 2.5, the deceleration event is the segment, data points in that
segment were only used for the classi�cation problem.

The segmented raw-time series has acceleration data with timestamps fortp time-
period, tp is the deceleration event from which the segment is extracted . Negative
accelerations were only considered for each driver data as the input to ML model
and it followed the work�ow as in Figure 2.6 and it was pre-processed as described
in Section 3.2.

Figure 2.6: Overview of the Clustering
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2.3.1.2 Classifying the Driving risk of Drivers using K-Means Clustering

Driving risk is de�ned as a potential threat that may cause vehicle crashes or other
accidents [22]. Emergency brakes are typically the primary indicator of the driver's
exposure to driving risk. As a result, the idea to construct a typical deceleration
curve of a braking process is that the driving danger level can be represented by the
characteristics of a braking process that is highlighted below,

Figure 2.7: Key features of driving risks areamin , t0, t1 [22].

The following three features are adopted to represent the driving risk level involved
in a typical near-crash case during naturalistic driving [22], see Figure 2.7:

ˆ Maximum deceleration during the braking processamin .
ˆ Average decelerationaaverage from the braking triggering point t0 to the point

of maximum decelerationt1.
ˆ Percentage reduction in the vehicle kinetic energy� E from the braking trig-

gering point t0 to the point of maximum decelerationt1.

By taking into account these key features of driving risk theK -mean clustering
is implemented to �nd the Aggressive, Smooth, and E�cient drivers based on the
acceleration pro�le of each driver.

X =
h
amin ; aaverage; � E

i T

The feature engineering is done from the above and the featureX is used in the
K -Means Clustering to �nd the category of each driver. It is a very popular and
e�ective clustering algorithm whose inputs are the number of clustersK and the
data set. The algorithm starts with initial estimates for theK -centroids, which can
either be randomly generated or randomly selected from the data set. The algorithm
then iterates between data assignment and centroid update steps.

2.4 Activation Sequence from CW-EB

The proximity described in Section 1.4.1, where types of CW-EB warnings are de-
�ned, could be with respect to time or with respect to distance as discussed in [23]
such as:
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1. The Time remaining between the ego and leading vehicles to crash if both the
vehicles continue to travel at the current speed and trajectory.

2. The total distance traveled from the moment a driver �nds a need to stop until
the vehicle reaches a complete halt after depressing the brake pedal.

These play a crucial role in setting a threshold to classify the drivers into the phases
as given in Figure 1.1 which simulates the stages that could have occurred. Fig-
ure 2.8 is an example of a truck following a car and its phases are given by numbers
indicating the places where warnings are detected and places where the sensors get
signals to analyze the situation.

Figure 2.8: Emergency Braking Stages

2.4.1 Time-to-Collision

The reaction time is the action response time when the driver encounters an unsafe
situation. It is the time taken by the driver to react to avoid near crash/collision
with the leading vehicle and it also re�ects how the driver perceives the situation in
that moment [24].

The proximity is measured throughTime by TTC principle. It is de�ned as the
following expression [23]:

TTC =
D(t)
Vd

; (2.1)

where D(t) is the distance between the vehicles andVd is the velocity di�erence
between the ego vehicle and the leading vehicle:

Vd = VE � VL (2.2)

whereVE is the velocity of the ego vehicle andVL is the velocity of the leading vehicle.

When Vd � 0, the ego vehicle operates in safe conditions. On the other hand, if
Vd � 0, this indicates a near-collision event [25].
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Figure 2.9: Bounding boxes to classify objects within an image using object
detection [26].

2.5 Object Detection

Object detection is a computer vision technique used to identify and classify objects
within an image or a video [27]. Unlike image classi�cation, which only classi�es
images into di�erent classes, object detection shows the location of the object in
an image or a video and draws a bounding box or a mask around it. YOLO em-
ploys Convolutional Neural Networks [28] to classify and draw the bounding box
coordinates for every object that is observed. Object detection has enormous appli-
cations across various �elds including autonomous vehicles, security and surveillance,
robotics, and health care.

2.5.1 Object detection algorithms

Single-shot detectors and two-shot (or multi-shot) detectors are the two general cat-
egories into which object detection algorithms can be divided. The object detection
task is approached di�erently by these two types of algorithms.

2.5.1.1 Single-Shot Algorithms

A single-shot algorithm detect objects in images in one go. They treat object de-
tection as a single task, predicting both the location and the category of objects in
a single pass through the network. This approach is fast and e�cient, making it
suitable for real-time applications such as autonomous driving and surveillance.

ˆ How They Work:
1. The algorithm divides the image into a grid and checks each grid cell to

predict whether it contains an object.
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2. For each cell, it predicts bounding boxes (the location of objects) and the
probabilities of the object's classes. YOLO is an example algorithm.

2.5.1.2 Multi-shot algorithms

Multi-shot algorithms break down the object detection process into multiple stages.
They �rst generate potential regions where objects might be located and then re-
�ne these regions to classify and accurately locate the objects. This step-by-step
approach is usually more accurate but slower compared to single-shot methods.

ˆ How They Work:
1. First, they propose several regions in the image that might contain objects

(region proposal stage).
2. Then, each proposed region is examined in detail to classify the object

and re�ne its bounding box (classi�cation and localization stage).
ˆ Example Algorithms:

1. R-CNN [10]
2. Faster R-CNN [29]

2.6 You Only Look Once

YOLO is a state-of-the-art, real-time object detection algorithm introduced in 2015
by Joseph Redmon et al [30]. It frames object detection as a regression problem
to spatially separated bounding boxes and associated class probabilities [27]. It is
designed to pinpoint objects accurately while being e�cient with computing power.
This e�ciency comes from its ability to predict where and what objects are in a single
sweep through the data. This makes it a great option for tasks such as real-time
surveillance or video feed analysis where speed is a priority.

2.6.1 How YOLO works

YOLO is an object detection algorithm that operates by dividing the input image
into an S � S grid and predicting bounding boxes and class probabilities for each
grid cell. It uses a single convolutional network to predict bounding boxes and class
probabilities simultaneously.

2.6.2 Image to Grid Mapping

ˆ Let the input image size beW � H � 3, whereW and H represent the width
and height of the image in pixels, and3 denotes the three color channels�Red,
Green, and Blue (RGB)�capturing the color information for each pixel in the
image.

ˆ Divide the image into anS� S grid. Each grid cell is responsible for detecting
objects whose centers fall inside the cell.
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Figure 2.10: YOLO model detection as a regression problem [30].

2.6.3 Bounding Box Prediction

ˆ Each grid cell predictsB bounding boxes, with each bounding box described
by �ve parameters: x; y; w; h; con�dence.

ˆ x and y are o�sets of the center of the bounding box relative to the bounds of
the grid cell, typically scaled to be between 0 and 1.

ˆ w and h are the width and height of the bounding box relative to the whole
image, also scaled between 0 and 1.

ˆ The con�dence score represents two things:P(object) � IOU, whereP(object)
is the probability that an object is present in the box, and IOU (Intersection
Over Union) is the predicted box's overlap with the ground truth box.

2.6.4 Class Prediction

ˆ Each grid cell also predicts a conditional class probabilityP(classi j object)
for each of theC classes.

ˆ Thus, for each grid cell, we have a total ofB � (5) + C predictions.

2.6.5 Loss Function

YOLO uses a multi-part loss function to optimize the network. The loss function
includes:

ˆ Localization Loss : This part measures the error in predicting the bounding
box coordinates of detected objects. It typically uses the Mean Squared Error
between the predicted and ground truth bounding box coordinates. YOLO
uses a modi�ed version that focuses on the center coordinates (x, y) and the
width and height (w, h) of the boxes.

ˆ Objectness Loss : This component assesses how well the model predicts
whether an object is present in a given bounding box. YOLO predicts an
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objectness score for each bounding box, indicating the likelihood of it contain-
ing an object. The loss here is often calculated using binary cross-entropy for
the objectness score.

ˆ Classi�cation Loss : For each detected object, YOLO also predicts a class
label. The classi�cation loss quanti�es the di�erence between the predicted
class probabilities and the actual class labels. This is typically calculated using
categorical cross-entropy.

2.7 Safety Scoring System for the truck drivers

The safety scoring system aims to evaluate the drivers and how they operate the
truck. This is done by considering their driving approach during an unsafe event.
Especially in near-collision situations, by investigating the braking and accelerating
pro�les a score is formulated.

2.7.1 Evaluation of Rapid Deceleration Patterns

The safest rapid deceleration pattern and segment of each driver is compared in the
following aspects to intuitively get a score for how a driver brakes during an unsafe
event:

1. Magnitude of Deviation : By �nding the area between the safe pattern and
segment of individual drivers, overall deviation from the reference is calculated.

2. Consistency : The frequency with which the segment crosses over the refer-
ence pattern indicates how often the driver harsh brakes re�ecting the incon-
sistency in their braking behavior.

3. Euclidean distance between the deepest points : The distance between
the segment's deepest point and the reference pattern's deepest point is calcu-
lated to quantify the intensity of the braking and assess the deviation between
the two points.

4. Braking Intensity : The position of the actual deepest point, whether above
or below the reference pattern, is analyzed to determine if the driver exhibits
an aggressive braking pattern.

These measures are well explained in the methodology chapter in section 3.7.1.

2.7.2 Evaluation of Driving Risks

The featuresamin , aaverage, and � E, shown in Figure 2.7, constitute the feature vector
X , which is detailed in Section 3.3. Each segment is categorized intoLow , Mod-
erate , and High risk levels, with individual weights assigned in the range of 0 to
100, representing the quanti�ed risk for each driver during unsafe events.
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2.7.3 Evaluation of Activation Sequence Warnings

The 5 stages of CW-EB systems given in Figure 1.1 are assigned an individual
weight. Each signi�es the impact it creates when it has occurred during the unsafe
event. Based on the sequence encountered by the driver the score is given from 0 to
100.

2.7.4 Evaluation of False Positives

Classifying whether the leading vehicleis Braking or is in Normal i.e. idling/ac-
celerating scenarios. The ego vehicle's driver is given a fault status of 0 or 1 to know
whether the driver is actually at fault .

2.7.5 Grading the driver

Figure 2.11 shows the �nal safety score calculation as a weighted average of the
braking pattern, driving risk, and activation warnings, combined with the fault
status of the YOLO object detection. Together, these factors provide insight into
the intention of the driver and context in which the unsafe event has
occurred , formulating a score that is more accurate and reliable than the existing
scoring method in Volvo Service Reports.

Figure 2.11: Overview of the safety scoring system
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Methods

This chapter focuses on the methodology illustrated by Figure 3.1 that was imple-
mented based on the �ndings of the characteristics of longitudinal acceleration to
formulate a comprehensive safety scoring system. We focused on the following fea-
tures: vehicle-id, reading-id, timestamps, longitudinal acceleration, and longitudinal
velocity of the truck.

Figure 3.1: Working methodology of the Safety Scoring System

As in the above �gure, the intention re�ecting score is calculated based on the re-
sults from the Rapid Deceleration Pattern, Driving Risk andCW_ EB warnings.
The Contextual Score is calculated by �nding the fault status. The entire safety
score can be divided intoSintentional and Scontextual .
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3.1 Understanding the acceleration curve

The longitudinal acceleration measures the rate of change of a vehicle's forward
speed, which gives a detailed picture of how the driver is operating the vehicle. The
dynamic changes in the vehicle's longitudinal acceleration re�ects the changes in the
braking of the truck and by studying these deceleration during unsafe events (Pre-
Brake and/or Full Brake events) will give categorical data to quantify the behaviour
and reaction of the drivers. Referring to Figure 3.2, three major phases occur, the
depressing phase, the brake occurring point, and the releasing phase. These phases
refer to the brake pedal's position and how the position evolves in time to reduce
the speed of the truck during an unsafe event.

Figure 3.2: How braking and accelerating looks in vehicles

Based on the �gure 3.2, three main phases were identi�ed from the acceleration
pro�les of each RID, and a safety score was calculated to evaluate rapid deceleration
patterns.

3.2 Data collection and Pre-Processing

Here, primary focus was provided to the dataset given by the ADAS team, which
gave clear sensor signals of the vehicle's speed, acceleration, velocity, GPS etc., form
which the required parameters such as listed in 3 were separately extracted for each
VID and its respective RID at each instance in time using SQL queries.

For the analysis, the longitudinal acceleration and longitudinal velocity and its re-
spective timestamps were used in most of the cases and these signals were smoothed
using the Savitzky-Golay �lter to retain the originality of the extracted signals to
acquire the behaviour of the driver at that instance in time.

The Savitzky-Golay �lter is a widely-used technique in signal processing aimed at
reducing noise and enhancing the smoothness of signal trends [31]. It is a low pass
�lter and it is particularly used in noise smoothing and retaining of the original
features of the signal in an odd-sized window intervals.

20



3. Methods

The smoothed signals as in �gure 3.3 are used as such in the driving risk analy-
sis and the negative accelerations of the smoothed signals were alone selected for
understanding the braking behaviour of drivers during rapid deceleration pattern
analysis.

Figure 3.3: Savitzky-Golay Filtering with window size = 11

3.3 Classi�cation of Driving Risk

The study of the acceleration patterns of the truck was conducted by extracting
three features as in the �gure 3.4 from the unsafe event. These are minimum decel-
eration amin , average decelerationaaverage and percent reduction in kinetic energy
� E . Figure 3.4 shows the plot that visually illustrates the three features [22].

Figure 3.4: amin , t0 and t1

The minimum deceleration captures the peak intensity of the braking, the average
deceleration represents the overall rate of speed change and the percentage kinetic
energy reduction indicates the total e�ect on the vehicle's motion. Hence these 3
parameters are estimated from the acceleration pro�les of each RID as shown the
�gure 3.4 and used as the featureX in �nding the risk levels.
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3.3.1 Minimum Deceleration

The minimum deceleration is the lowest acceleration value during the braking pro-
cess. A higher maximum deceleration indicates a more severe braking event, which
typically corresponds to a higher risky scenario.

The minimum decelerationamin is the smallest accelerationa(t) value as in (3.1),
that is captured when the unsafe event has occurred for a time instance of� m to
m,

amin = min
t 2 [� m;m ]

a(t): (3.1)

3.3.2 Average Deceleration

The average deceleration is calculated from the point the braking is triggered to the
point of maximum deceleration as shown in the �gure 3.4. It provides a measure
of how gradually or abruptly the vehicle decelerates during an emergency braking
event. The average decelerationaaverage can be calculated by the following formula,

aaverage =
1

t1 � t0

Z t1

t0

a(t); dt =
1

t1 � t0
[v(t1) � v(t0)] (3.2)

wherev(t) and a(t) denote the vehicle velocity and acceleration, respectively.

3.3.3 Percentage reduction in the kinetic energy

The kinetic energy reduction� E is the percentage reduction in the vehicle's kinetic
energy from the braking triggering point to the point of maximum deceleration. This
metric re�ects how much kinetic energy is dissipated during the braking event, which
correlates to the severity and potential risk involved in a near-crash situation. The
percentage reduction in the vehicle kinetic energy� E can be calculated as following,

� e =
1
2

Mv 2(t0) �
1
2

Mv 2(t1) = 1 �

"
v(t1)
v(t0)

#2

(3.3)

whereM is the vehicle's mass.

With these key features based on the acceleration and velocity pro�les of each driver,
the driving risk is clustered into the following table,

Table 3.1: Driving Risk Patterns

Driving Behavior amin aaverage � E

Aggressive High High High
Smooth Low Moderate Moderate
E�cient Moderate Moderate Moderate
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3.3.4 Normalizing the Ego Vehicle data

Calculating amin , t0, and t1 from the existing data posed a challenging task. The
information about the leading vehicle is only available at the time of intervention of
the EB-CW system in the ego vehicle. To interpolate the acceleration and velocity
data of the leading vehicle, only the data points within the time range of the brake
triggering point and the brake occurrence point were considered. The mean approx-
imations of these data points were used to calculateaaverage and � E .

Determining amin was straightforward; however, identifying the exact point where
the minimum deceleration occurred, i.e., thetrigger point of the unsafe event ,
was more challenging. This was addressed by calculating thegradient between
consecutive deceleration points from t0 to t1. If the gradient exceeded0:3 m=s2,
that point was identi�ed as the trigger point during the deceleration phase. Based
on this criterion, the trigger point of the unsafe event was determined.

3.4 Classi�cation of Rapid Deceleration Patterns

Two techniques were implemented in �nding the rapid deceleration patterns to clus-
ter the braking maneuver of each driver intoEmergent , Situation-aware , Inten-
sive and long , and Moderate , as in [32].

3.4.1 Vector Quantization vs. Time-Series K-means

The LBG clustering 3.4.2 method gave very good and valid results compared to that
of the clustering results obtained from the Time-SeriesK -means clustering approach.

The clusters formed by the LBG method were quite reasonable and aligned well
with the types mentioned here [32]. In contrast, the Time Series K-Means (TSKM)
approach struggled to identify the same patterns, particularly for theEmergent
braking pattern, which is the rarest and the most hazardous pattern. It accounted
for 15 RID from a total of 189 RID, which is a relatively small amount of data for
an ML model to detect such a pattern e�ectively.

LBG clustering was successful because it is a signal processing technique that cre-
ates codebook. It handles each data point for formulating a codevector that best
represents its nature in the input data.

3.4.2 LBG Clustering Observations

Based on the depressing and releasing of the brake pedal at the time of the unsafe
event, the clustered rapid deceleration data is classi�ed as follows [32]:

1. Intensive and long braking : The driver used the brakes �rmly and slowly
while braking from a high speed. It belongs to cluster-id 0.
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2. Situation-aware braking : The driver removed their foot from the brake and
depressed it gradually before releasing it quickly because they were aware of
the tra�c condition ahead of time.It belongs to cluster-id 1.

3. Moderate braking : The driver decelerated gradually, slowed down and ei-
ther halted or depressed the brake steadily before releasing it.It belongs to
cluster-id 2.

4. Emergent braking : The driver quickly applied and released the brakes when
the leading vehicle abruptly slowed down. It belongs to cluster-id 3.

Figure 3.5: Observed Rapid Deceleration Patterns

From �gure 3.5, the red signals represent acceleration curves that has been classi�ed
using LBG algorithm, and the black curve represent the mean approximation of the
red sign. The mean approximation illustrate how smoothly the driver has transi-
tioned from the depressing phase to releasing phase. It also indicates the sharpness
of the braking in each type, the narrower the brake, the more dangerous the braking
process becomes. Hence by looking into the narrowness of all the patterns, it can
be seen that the safest deceleration pattern isModerate as it is the least narrow
in nature compared to all other patterns, and the most unsafe deceleration pattern
is Emergent as it has the sharpest curve among the four patterns. The other two
patterns, Intensive and long and Situation-aware , also come under the hood of
unsafe decelerating patterns but being situation aware and making intense and long
brakes are comparatively less unsafe than theEmergent type.

3.5 Time To Collision Warning

The Time-To-Collision is a critical factor in assessing and classifying potential for-
ward collision scenarios involving the vehicle. As outlined in Section 2.4.1, TTC is
computed to quantify the risk of an imminent collision. This metric plays a pivotal
role in developing an index that aids in assigning safety scores to di�erent driving
events. By leveraging the TTC value, a systematic approach is employed to evaluate
the proximity and likelihood of collisions, contributing to a robust framework for
safety scoring [5].

# Ca lcu la t i ng TTC
TTC = D( t ) /V_d
# Appended to the dataframe as df [ ' TTC_Risk_type ' ]
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i f TTC < 0 . 5 :
d isp ( ' Overr id ing ' )

e l i f 0 .5 <= TTC < 1 . 5 :
d isp ( ' Mi t iga t ing ' )

e l i f 1 .5 <= TTC < 2 . 5 :
d isp ( ' Imminent warning ' )

e l i f 2 .5 <= TTC < 3 . 3 :
d isp ( ' Caut ionary warning ' )

e l s e :
d isp ( 'No Warning ' )

end

Based on the above criteria, the activation sequence of the CW-EB system is sim-
ulated and these are later evaluated based on the counts of the risk type on each
vehicle-id and reading-id and given as a percentage to form the safety score.

3.6 YOLOv8 Object Detection

The events discussed previously do not have to be necessarily caused due to the
driver's fault. There are various factors such as tra�c density, sudden changes in
direction or sudden braking by the leading vehicle, climatic conditions, etc., that
can in�uence the truck and the driver's behavior. To mitigate this issue, we propose
an idea assuming that the truck captures a video at the time of the events getting
triggered. A YOLOv8 object detection model (Section 2.6) is trained and applied
on the captured video to check if the ego vehicle has any sudden changes in brak-
ing. Understanding what caused the event can help build a less error prone scoring
system.

The model identi�es vehicles in front, and determines their braking status based
on the illumination of brake tail lamps. If the tail lamp is ON, the model detects
it as �Braking� and if the tail lamps are OFF, the model detects it as �Normal�.
When a warning or event from the CW-EB system occurs, a video is captured along
with other ADAS parameters. The model analyses the recorded video and performs
object detection to check if there is a leading vehicle and identi�es its braking status.
If the model detects any harsh braking activity from the leading vehicle, we can say
that the warning was not caused due to the ego vehicle driver's fault but rather
because of sudden braking activity by the leading vehicle.

3.6.1 Dataset

The data set used to train the model contains cropped images of vehicle tail lights
in various stages and combinations of braking, non-braking, and turning, from a
research that used the CNN-LTSM model to categorize car tail lights [33]. The
dataset was then divided into two categories, 'Braking' and 'Normal', with 200
images in each category. The 'Braking' category includes all images with braking
lights on (Braking, Braking and turning right, Braking and turning left). The
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'Normal' category includes all images with braking lights o� (All lights o�, Turning
left, Turning right).

3.6.2 Dataset annotation and splitting

In machine learning, annotation is the process of labelling images by drawing bound-
ing boxes to provide ground truth for the objects in an image. This annotated image
helps the machine learning model to learn patterns and make predictions accurately.
The 211 images from each category of the dataset were manually annotated using
Robo�ow, an open source online annotation tool. Figure 3.8 shows a single image
from each category labeled as Braking and Normal. After labelling all the images
with their respective labels, the dataset was divided into 75% 'Training set', 15%
'Validation set' and 10% 'Test set'.

Figure 3.6: Braking label Figure 3.7: Normal label

Figure 3.8: Braking and Non-braking annotation made in Robo�ow.

The labelled dataset is then typically divided into three subsets: the training set,
the validation set, and the test set. These subsets serve distinct purposes in the
model development and evaluation process.

Training set

ˆ Purpose : The training set is used to train the machine learning model.
This means that the model learns from this data by adjusting its parame-
ters (weights in neural networks) based on the input-output pairs in this set.

ˆ Content : It contains the majority of the data, usually 70-80% of the total
dataset.

ˆ Usage: The model uses this data to learn patterns, make predictions, and
minimize error.
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Validation set

ˆ Purpose : The validation set is used to tune the model's hyperparameters and
to evaluate the model during training. It helps in selecting the best model and
avoiding over�tting.

ˆ Content : It generally contains 10-15% of the total dataset.
ˆ Usage: During training, the model's performance on the validation set is mon-

itored to adjust hyperparameters (like learning rate, depth of trees, number
of layers in neural networks, etc.). It helps in making decisions such as early
stopping when performance on the validation set starts to degrade.

Test set

ˆ Purpose : The test set is used to evaluate the �nal model's performance after
the training and validation processes are complete. It provides an unbiased
assessment of the model's ability to generalize to new, unseen data.

ˆ Content : It usually makes up 10-15% of the total dataset.
ˆ Usage: The model does not see the test set during training or validation. The

test set is only used once to assess the �nal model's accuracy, precision, recall,
F1-score, and other performance metrics.

3.6.3 Training

Training is the process of teaching the machine learning model to identify and locate
objects within images. This process includes several steps and uses a labeled dataset,
'Braking' and 'Normal' in our case, to help the model learn the features and patterns
associated with various objects. Training a model usually requires GPUs (Graphics
Processing Units) since the process is computationally intensive and involves large
scale data processing, complex calculations and parallel processing. Considering
the computational complexity, a cloud based Jupyter notebook environment called
Google Colaboratory, or Colab [34] in short, was used. Colab provides free access
to powerful hardware accelerators, including GPUs and TPUs (Tensor Processing
Units).

The training process uses YOLOv8 pre-trained weights from the o�cial YOLO
repository [6]. The model was trained for 100 epochs. An epoch refers to one
complete pass through the entire training dataset. During training, the model pro-
cesses all the training data once to adjust its internal parameters (weights) to learn
from the data.

3.7 Safety Scoring System

The �nal Safety Score is formulated as :

S�nal = Scontextual + Sintentional (3.4)

where,
Sintentional = w1 � Sbrake + w2 � Srisk + w3 � Swarning (3.5)
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Sintentional = w4 � Sobject (3.6)

wherew1, w2, w3, and w4 are weights that are given based on theaccuracy of the
results obtained from various evaluation techniques and these weights also help
in obtaining the �nal score from each technique:
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where,
ˆ Sbrake is the rapid deceleration pattern analysis score and it follows,

Sbrake = Magnitude of Deviation+ Consistency+ Brake Intensity (3.8)

ˆ Srisk is the driving risk analysis score and it follows,

Srisk = LowkModeratekHigh (3.9)

ˆ Sobject is the classi�cation of Braking or Normal scenario and it follows,

Sobject = BrakingkNormal (3.10)

ˆ Swarnings is the Activation Sequence score and it follows,

Swarnings = no warningkcautionkimminentkmitigatekoverride (3.11)

Let us look into VID: DFG and its respective RID: 236 and 813, to see how the
Sbrake , Srisk , Swarning and Sobject are formulated to get theS�nal .

3.7.1 Calculating the scoring metrics from Rapid decelera-
tion braking

To get Sbrake , we follow a metric to come up with a value to quantify the safest way
to brake during an unsafe event. After �nding the four types of rapid deceleration
patterns, the Moderate pattern is considered to be the safest pattern. Each of the
segments is synchronized [35] with the safest pattern, to form the score-determining
factors that calculate and quantify how safely the driver brakes during an AEBS
warning.

3.7.1.1 Magnitude of the deviation

The segment and safest rapid deceleration pattern are fundamentally two curves
whose area can tell how much the segment deviates from the safest pattern. Hence
the deviation is estimated by �nding the integral di�erence between the two curves
to get the area:

A =
Z t1

t0

jf safe(t) � f seg(t)j dt; (3.12)

where
ˆ f safe(t) is the acceleration curve of the safest pattern;
ˆ f seg(t) is the acceleration curve of the segment of individual RIDs.

Hence, the area indicates the amount of deviation from the safe pattern.
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Figure 3.9: Area between the segment and the safest pattern.

3.7.1.2 Consistency of the Braking

By taking the number of times the segment and the safest pattern intersect, a
conclusion can be made on how consistent is the driver in braking safely. The count
of the intersection suggest the following:

ˆ Multiple intersections infer that the braking behaviour of the driver is incon-
sistent and the driver is not driving safely.

ˆ Lower number of intersections say that the driver is consistent in their braking
behaviour.

Figure 3.10: Crossings between the segment and the safest pattern

3.7.1.3 Braking Intensity

The braking intensity is calculated using the Euclidean distance between the deepest
dips of the curves and a �ag value that says whether the segment is below or above
the safest pattern. The intensity is based on the distance between these two deepest
points, while the �ag is obtained by comparing the mean of the segment to the mean
of the safest pattern. If the mean of the segment is not above the mean of the safe
pattern, it is not safe. The Braking Intensity suggests that,

Figure 3.11: Intensity between the segment and the safest pattern

ˆ If the segment's deepest point is below the safe pattern's deepest point, then
the driver is more on the aggressive side of driving style.
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ˆ If the segment's deepest point is above the safe pattern's deepest point, then
the driver is on the side of safer side of driving style.

The Euclidean distance indicates the level of aggressiveness the driver possesses.

From �gures 3.9, 3.10 and 3.11 the scoring forming factors are represented for the
VID: DFG and after �nding these Sbrake is calculated.

3.7.2 Calculating the score from Rapid deceleration braking

Now, the score-determining factors are formulated but these factors are eventually
Euclidean distance, counts and area that needs to be converted into a score. Hence
we penalize each factor with rules called penalty to calculate theSbrake . Penalty is

Figure 3.12: Percentage used for Penalty

an approach that reducing a portion as given in �gure 3.12 of the formulated score
Sbrake. This is mainly done based on the intensity �ag being True and cluster id
being 2.

1. Intensity Flag == True
ˆ This value being true directly says that the driver is not braking in a safe

way. As described in Section 3.7.1.3 , if the mean of the segment is not
always high it is not safe.

2. Segments belonging to Safe Pattern
ˆ In this case, segments belonging to cluster-id 2 represent the safest way

to braking. However, simply being part of cluster-id 2 does not automati-
cally guarantee their safeness. The segments belonging to cluster-id 2 are
further validated by score-determining factors to con�rm whether they
are truly safe. To ensure accuracy, they are penalized highly as shown in
Figure 3.12.

Other than the above two conditions, all the segments, irrespective of which cluster
id they belong to, where penalized based on the score-determining factor but the
earlier discussed type is penalized highly. The score-determining factors are penal-
ized in the following ways:

1. Penalty on Area :
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ˆ The goal is for segments within the same cluster to exhibit minimal de-
viation, creating a small overlap area.

ˆ If a segment has a large area and a high-intensity �ag but still belongs
to cluster-id 2, it is not automatically considered safe. In such cases, a
penalty of 0.15% is deducted from the �nal score.

2. Penalty of Crossings :
ˆ Segments from cluster-id 2 are expected to have more intersections with

the same pattern.
ˆ Based on the number of intersections, a penalty is applied. If a segment

has 4 to 8 intersections and it belongs to cluster-id 2, the �nal score is
penalized by 0.05% to 0.1%.

3. Penalty of Distance :
ˆ For cluster-id 2 segments, the distance from the safe pattern should be

smaller than the median of the calculated Euclidean distance. However,
if the distance is larger than the median of the calculated Euclidean
distance and the intensity �ag is true, a penalty is applied.

ˆ If the distance is larger than the median, the segment belongs to cluster-
id 2, and intensity �ag is True, a penalty of 0.15 is deducted from the
�nal score.

Now the penalizing values are determined and the scoreSbrake has to be calculated,
the score for braking is a simple percentage calculation based on the ratio of the cur-
rent score-determining factor to its largest value. After �nding the score-determining
factor, the median and max values are found and used in the �nal score calculation
as shown in Figure 3.13. The scoreSbrake is obtained as a weighted average of these
factors as discussed in Section 3.7 and given as a Score in Table 3.2.

VID RID Cluster Area Distance Crossings Intensity S_brake

DFG
236 2 1.877 0.748 4 False 74.68
813 1 5.473 1.074 2 True 74.60

Table 3.2: Rapid Deceleration Pattern Results for Vehicle ID: DFG

3.7.3 Calculating the score from driving risk

The driving risk is determined by calculatingX , which is derived using (3.1), (3.2),
and (3.3). The parameters forX are obtained from Figure 2.7, with a detailed expla-
nation provided in Section 3.3 and the extraction process described in Section 3.3.4 .

The driving risk is obtained by grouping theamin , aaverage, and � E values through
K -means clustering, the mean of the clustered groups are taken into consideration
to label the X into Low, Moderate, and High risk, which infers to the E�cient,
Smooth, and Aggressive driving behaviours of Table 3.3.3.

The mean values in Figure 3.14 help in deciding the risk levels on the acceleration
values and categorizing the data points into the above discussed driving behaviours.
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Figure 3.13: Scoring using the chosen penalty

Figure 3.14: Mean of the risk clusters

The score is assigned as weights to the �nal safety score, based on the type of driving
behaviour that the driver exhibits and varies between 0 and 100.
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RID a_min avg_acc eta risk_level S_risk
236 -2.244806 -2.437463 0.600882 Moderate 50.0
813 -3.941707 -3.867659 0.370885 Low 100.0

Table 3.3: Risk levels of the VID:DFG

3.7.4 Calculating the score from CW-EB system warnings

The �ve stages of the activation sequence, Figure 1.1, are found with the total brake
time during the intervention of the CW-EB system and with the help of the TTC
principle, a score between 0 and 100 in Table 3.4 is based on the conditions in
Section 3.5.

VID RID TTC Warnings S_warnings
A 236 0.80 Mitigate 40.0
A 813 0.28 Override 20.0

Table 3.4: Warning Level of the VID: DFG

3.7.5 Calculating the score from object detection

The contextual score from the object detection is essential to the �nal safety score
as it says if the driver is truly at fault or not. It explains that the driver perceives an
unsafe event because of the leading vehicle's unplanned and careless driving style,
and to tackle this situation the driver performs a pre-brake or full-brake which is
indeed a good and thoughtful reaction to the currently perceived situation, safely
handling the danger of near crashing.

Section 3.6 explains on how the braking status with tail lamp of leading vehicle is
used for creating the fault status. The results from the object detection is gathered
into a boolean status as 0 or 1, which tells whether the unsafe event has occurred
due to the driver's inattentive behaviour or not. From the object detection results
the score is simply obtained by multiplying with 100. TheSobj for VID:DFG is
shown in Table 3.5.

3.7.6 The �nal Safety Score

Finally, the safety score is calculated based on all the parameters explained above
and it is the weighted average of all the parameters, for the VID: DFG the �nal
score looks like the following,

VID RID Sbrake Warnings Swarnings Risk Srisk Sobj S�nal

DFG
236 74.68 Mitigate 40 Moderate 50 100 66.17
813 74.60 Override 20 Low 100 100 73.65

Table 3.5: Final Safety Score for Vehicle ID: DFG
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Note : The weights w1, w2, w3, and w4 of (3.7) could have been equally assigned,
but here the values were assigned based on the accuracy of the results obtained
from each evaluation technique. The most inaccurate results were obtained from
the K -means evaluation of driving risks and it is given the least weight. The other
evaluation methods are equally assigned weights .
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4
Results and Discussions

This chapter focuses on the major �ndings of the thesis and discusses about the
results obtained from each of the evaluation technique that was developed from
formulating the safety scoring system.

4.1 Classi�cation of Rapid Deceleration Pattern

As in Section 3.4 two techniques were used for �nding the rapid deceleration pattern
that occurred during an unsafe event, and it was observed that the LBG clustering
performed best. In this section, both of the results are attached for a clearer picture
of how the clustered rapid deceleration curves looked.

4.1.1 Clustering Outcomes - LBG algorithm

Figure 4.1: Rapid Deceleration Patterns observed from the Acceleration data
using the LBG algorithm

By taking the mean approximation of the safest rapid deceleration pattern as the
base for the calculation, the magnitude of deviation, consistency, and braking inten-
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sity were evaluated by synchronizing and overlapping the signals.

The histogram of the f inal _ score shown in Figure 4.2 infers that a total of 133
RID have a safety score of above 60 and most of the drivers come under the hood of
safe driving style. While the other histograms refer to the score-determining factors
which were used in calculatingSbrake as discussed in Section 3.7.1.

Figure 4.2: Distribution of the score formulating parameters from theSbrake

4.1.2 Clustering Outcomes - TSKM

The results obtained from the TSKM did not provide any signi�cant deceleration
pattern, it failed to distinguish the hidden di�erence in the acceleration curves. From
�gure 4.3, it can be seen that the mean approximation of the acceleration curves
doesn't have the Emergent type or Moderate type of rapid deceleration pattern as
in [32] which is the base for forming theSbrake as discussed in 3.7.1.

Figure 4.3: Rapid Deceleration Patterns observed from the Acceleration data
using Time-Series K-Means

The reasons why LBG algorithm worked the best are as follows.
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1. The � value helps in formulating the converged codevector as discussed in
Section 2.2.1. This tuning-parameter adds and subtracts the data-point in
an iterate way as explained in Figure 2.2 to achieve the best codebook that
represents the entire dataset.

2. Smoothing of the acceleration curves with a sliding window size of 11 using
Savitzky-Golay �lter became advantageous. The data pre-processing steps
helped in obtaining the required results, refer to Section 3.2 for more expla-
nation.

4.2 Classi�cation of Driving Risks

We focused on risk factorsX that reveals the driver's behavior in near-crash scenar-
ios. These scenarios are de�ned as situations where drivers must perform emergency
braking to avoid a collision with the leading vehicle [22].

Figure 4.4 illustrates the clustering of di�erent RID into Low, Moderate, and High
driving risks and it can be seen that,

ˆ The majority of drivers fall into the Moderate and Low driving risk category.
ˆ Only 1 out of 183 RID is classi�ed as High driving risk, as shown in the

distribution in Figure 4.5. It suggests only 1 RID is behaving Risky will the
previous evaluation technique insist that there are drivers who haveSbrake

below 60 out of 100(almost 50 drivers).
These �ndings suggest that Volvo truck drivers are generally attentive and careful
in their driving style. According to the risk categories outlined in Table 3.3.3, the
vast majority of these drivers can be classi�ed as Smooth and E�cient drivers.

Figure 4.4: Driving risk analysis
based on the X of drivers by

K -Means

Figure 4.5: Distribution of the
driving risk over the data

Note: Unsupervised learning is an ML model that requires huge categorical data.
In this case, full-brake and pre-brake events are used for the analysis and they are
the categorical data for the CW-EB system. Full-brake event is therarest of all
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the events that can occur in a near crash event in the CW-EB system. Since
this event occurs very rarely, the model leverages this small class of events leading
to class imbalance in the dataset. Due to this reason, the driver risk analysis of
Section 3.3 is given the least importance in the �nal safety score calculation.

4.3 Warning stages of the CW-EB System

Heavy-duty vehicles like trucks in general need the TTC incorporated in their active
safety systems due to the larger size, heavier weight, and longer stopping distance.
It helps drivers and active safety systems anticipate potential collisions and take
appropriate actions to avoid them.

Figure 4.6: Distribution of TTC value
for 183 reading-ids.

Figure 4.7: The �ve stages of the
Activation Sequence and its frequency
of occurrence in the extracted data.

From Figure 4.6, it can be seen that the drivers in the overriding and mitigating
phases are in trouble as they have very less time to avoid the near collision. Hence
these drivers can lead to a near crash event while the remaining 133 drivers re�ect
no potential threat.

Note: The TTC calculation and the warning stages are simulated with the data
available from the ego vehicle only at the time of intervention of the AEBS. Sec-
tion 3.3.4 describes how the ego vehicle data is normalized and Section 3.5 shows
how the relative distance and relative velocity for the leading and following vehicle
were calculated.
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