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Abstract

Each year, there are over one million people who sustain fatal injuries in traffic-related
crashes, with vulnerable road users, often abbreviated as VRUs, being involved in more
than half of the crashes. In the context of road safety, VRUs are mainly pedestrians,
cyclists, motorcyclists, and e-scooterists. To mitigate the crashes, it is essential to under-
stand the causation mechanisms. Naturalistic data has been recognised as a good tool to
understand the trafficant’s behaviour and address safety concerns within the field of traffic
safety research. Traditionally, critical events are identified from naturalistic data using
the kinematic information from the sensors onboard the vehicles. Video footage for the
trip corresponding to the critical events is then used to validate and annotate the events.
While this is a reliable method when it comes to identification of crashes, near-crashes
may not display any anomalies in the sensor readings thereby going unidentified. These
near-crash events would be visible in the video footage, but the manual identification of
these by watching videos is not feasible because the amount of videos is too large for
the human eyes. Therefore, developing tools that can identify and estimate the position
of different road users using the video footage is essential and will enable automation of
process of identifying critical events. This report describes such models and also delves
into the application of machine learning to allow identify the severity of imminent critical
interactions among road users in the future.

This project investigates how models can be developed to estimate and predict the posi-
tion and kinematics of various road users from video data from a camera mounted on an
e-scooter. The initial generation of bounding boxes and categories for road users utilized
You Only Look Once (YOLOvT) algorithms. The detection for cyclists was achieved by a
simple rule-based model calculating the overlap area between the pedestrian and bicycle
detected by YOLOvVT7. The e-scooterists detection model was implemented by combining
YOLOvT7 and MobileNetV2 models. Different machine learning models were trained to
estimate distance for the four different road users: pedestrians, cyclists, e-scooterists, and
cars separately using LiDAR and GPS data as the position ground truth. The input for
these models was derived from bounding box data extracted from videos. Furthermore,
a DBSCAN-based noise remover was used to remove the outlier point of the distance es-
timation model to filter out points with excessive errors. Finally, a Rauch-Tung-Striebel
smoother was applied to the output of the noise remover to improve the distance estima-
tion accuracy and generate both the relative position and velocity of the target road user.

It was concluded that the object detection model could achieve an accuracy over 90%, and
the distance estimation achieved the highest accuracy when using polar coordinates for all
road users, compared with using the cartesian system. The highest R? score for distance
estimation was obtained with a k-nearest neighbors regression model (with n = 2) using
the pixel position in x and y direction of center point of the bottom of bounding box,
height, and width of the bounding box as input. As a consequence, the e-scooterist model
achieved a R? score of 0.978, while the cyclist and car models attained commendable
scores of 0.92 and 0.96 respectively. This means that the distances predicted from the
model are highly accurate. These models can now be used to detect critical interactions
among road users using the naturalistic data collected using e-scooters.
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1 INTRODUCTION

1 Introduction

1.1 Background

Every year, around 1.3 million people are killed globally in tra c-related crashes and
between 20 to 50 million people sustain non-fatal injuries according to the World Health
Organization (WHO) [1]. In more than half of the annual fatal crashes, VRUs are in-
volved, which means that the risk of fatal crashes is particularly high for this group in
particular. A VRU is usually classi ed as someone who is not inside of a vehicle, in this
group there are, for example, cyclists, e-scooterists, and pedestrians [2]. In recent years
the number of e-scooters has increased as a form of sustainable transport in our cities.
This means that people who are using e-scooters as a form of transportation have a high
risk of injury and it is essential to understand the interactions between them and other
road users. Since this is a fairly new mode of transport, there isn't a lot of research done
on how e-scooterists interact with di erent road users.

To reduce the involvement of e-scooterists and other road users in crashes, it is important
to learn the mechanism of how a crash could happen. Naturalistic data is collected from
real tra ¢ which captures the genuine driver behavior and how the driver interacts with
other road users before a crash happens. Therefore, it is a good tool to understand the
crash mechanism and identify critical events. In the traditional active safety area, critical
events are often identi ed by analyzing the kinematic information based on signals from
sensors onboard vehicles. However, the sensor signals are insu cient for near-crash iden-
ti cation since signals would not show any anomalies. Video footage from the onboard
camera can easily capture near-crash events, but manually watching those videos to iden-
tify critical events can be time-consuming, and kinematic information cannot be derived
directly from the video footage. Some vision-based methods need to be developed to
estimate the position of di erent road users and enable automation of the process of iden-
tifying critical events. By using arti cial intelligence and machine learning this process
would not only be automatic, saving time, but also objective, based on a predetermined
threshold for what is a critical situation.

1.2 Literature review

Surveying the relevant literature, we come across various methods for e-scooterist identi-
cation and distance estimation.

In the article by Apurv et al.[3][4], he introduced a vision-based system for detecting e-
scooter riders in natural scenes, employing YOLOvV3 and MobileNetV2. While achieving a
commendable recall and accuracy, the methodology's strengths lie in its e cient pipeline.
However, the absence of an existing dataset poses a limitation.

In the article by Zhu[5], a learning-based model for object-speci c distance estimation is
proposed. In the article, the features in the image are rst extracted by convolutional
neural networks, and then the distance is predicted along with the bounding box of the
identi ed object. The strengths include addressing challenges with traditional methods
and introducing extended datasets. However, the e ectiveness of the model is contextu-
alized primarily for objects on curved roads.

Report by Bharti[6] delves into a machine learning approach for automating video data
reduction in analyzing road user interactions. Leveraging LIDAR and camera data, the
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1.3 Aims and objectives 1 INTRODUCTION

study aims to identify the position of pedestrians with respect to the e-scooters to identify
critical events. The scope of the work here is limited to the identi cation of pedestrian
positions and excludes e-scooter riders and cyclists. The methodology's robustness lies in
its multidimensional data utilization.

The article by Davydov[7] focuses on supervised object-speci ¢ distance estimation using
monocular images for autonomous driving. The proposed lightweight convolutional deep
learning model outperforms existing methods. Its strengths include accurate distance
estimation and relevance to advanced driver assistance systems, although challenges may
arise in various real-world scenarios.

The papers and reports above address a crucial aspect of road safety by detecting e-
scooterists and estimating object-speci ¢ distances. As crashes involving VRUs continue
to cause injuries, understanding the intricate interactions between emerging sustainable
transport modes and other road users becomes imperative. To understand why critical
events occur, it is crucial to identify these interactions. Traditional sensor readings may
capture crashes, but numerous near-crash scenarios, discernible only in videos, remain un-
explored due to resource-intensive manual analysis. Using Al and machine learning, these
papers propose algorithms that e ciently identify and assess interactions, pinpointing
potential threats and critical scenarios based on prede ned thresholds.

However, the current method's limitations lie in its exclusive reliance on computer vision
for VRUs identi cation, without integrating LIDAR and camera data for distance pre-
diction. While traditional camera calibration provides a robust theoretical foundation,

it involves manual processes and may face challenges in dynamic environments. In con-
trast, machine learning automates the process and adapts to diverse conditions. In this
project, we use LIDAR data which o ers accurate ground truth for model training. This
approach proves superior to traditional camera calibration methods, enhancing accuracy
and adaptability.

1.3 Aims and objectives

The overall objective of this project is to automatically estimate kinematic information of
road users from video data collected from an e-scooter. By developing methods to analyze
video data collected in the real world by e-scooterists, we can objectively investigate rider
behavior and interactions. The data and knowledge could then be used to develop new
active safety systems or make riders aware of high-risk scenarios that can occur during
riding. To achieve this goal, a number of tasks were completed:

1. Object detection and classi cation from video data, this was done to ensure
that di erent road users are detected and classi ed correctly and reliably. But,
also be able to di erentiate a pedestrian, cyclist, and an e-scooterist which in a
traditional computer vision algorithm would be identi ed as a pedestrian.

2. Processing LIDAR and GPS data to acquire accurate distances and angles
which were collected in a controlled environment. This data was then used to
establish a ground truth which was used to train and test the machine learning
algorithms to be able to determine distances from the video data. Finally, the data
from the di erent sensors was synchronized, due to the di erent activation times
and sample rates, to form the training data.

3. Train the machine learning models based on the object detection and classi -
cation which generated bounding boxes for each road user cyclist, e-scooterist, and
7



1.3 Aims and objectives 1 INTRODUCTION

car. The training data for the model is the combination of the data from object
detection and the distance data from the LIDAR and GPS (ground truth).

4. Validation of the models was done by applying the models on the validation
data to compare predicted values to the ground truth.

5. Filter the predictions  done by the models to ensure that the nal predictions are
less a ected by noise.

6. Test on a sample of the naturalistic data to determine the performance in real
world conditions.



2 THEORY

2 Theory

This chapter will present and explain the di erent theoretical aspects used during this
project.

2.1 Coordinate systems

This subsection will explain the coordinate systems and the transformations used during
the work.

2.1.1 Polar coordinate system

Coordinate systems are used to represent the location of a point or object in space, which
in this project was used to calculate the radial distances and angles to objects detected
by the camera, this information was then related to pixels in the recorded video data.

To represent a point in space with a radial distancer{ and an angle (), to the x-axis, the
polar coordinate system is used and to transform a poilk; y) in the Cartesian coordinate

system to a radius and angle, the following formulas are used:
!

r= P (x2+ y2) and = atan ¥ (1)

To transform from polar coordinates to Cartesian coordinates the following formulas are
used:

x=r coJ )andy=r sin() (2)

2.1.2 Rotation of coordinate systems

Since di erent objects are rotated in relation to each other it is useful to rotate one of
them so that the systems becomes aligned to more easily do calculations. This can be
done by applying the rotation matrix, which has the following form in two dimensions:

co ) sin()
sin() cog ) (3)
Which is used then to calculate the rotated coordinatesxf and y9 in the following way:
x® _ cog ) sin() x @
y’  sin() cog) vy

Where x°and y° are rotated by the angle . The direction of the rotation is de ned by the
angle , where a positive angle is a counter-clockwise (positive mathematical direction)
rotation, and a negative angle rotates the system clockwise.
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2.2 YOLOv7Y

You Only Look Once (YOLOvV7) [8] is an object detection model, which is based on
the backbone-head pattern. The backbone part is composed of several convolutional
layers and max-pooling layers to extract the features at di erent levels from the input
image. There is also a net structure called ELAN to control the gradient to extract more
features and have better robustness. The head part takes responsibility for further feature
extraction, classi cation, and detection. It has represented convolutional layers (RepConv
in the con guration le) to do the detection part at the low, middle, and high levels to
cover the targets of interest from small objects to big objects and from simple detection
to complicated detection.

YOLOvV7 can be trained on various data, and once the training is nished, a pre-trained
YOLOv7 model with its weight and con guration le will be generated. The weights and
con guration can be used for other users to implement the detection without training or
retraining the model with less time taken.

2.3 MobhileNetVv2

MobileNet [9] is a lightweight convolutional neural network (CNN), which features depth-
wise separable convolution. This feature drastically reduces computational costs while
minimizing loss in accuracy. Compared to the previous version, MobileNetV2 [10] in-
cludes an inverted residual and linear bottleneck. Linear bottleneck solves the problem
that the ReLu activation function causes too much information loss in low dimensions.
While the inverted residual structure can reduce the usage of memory. As it is shown in
Figure 1, the size of the input to the network is (160,160,3) scaled to [-1,1]. The output
is a (5,5,1280) tensor. After adding a dense layer, an output of a value between 0 and 1
can be obtained. 0 represents the prediction result as a pedestrian, while 1 indicates that
it is an e-scooter rider.

Figure 1: MobileNetV2 architecture for binary classi cation task [3].
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2.4 Machine learning models 2 THEORY

2.4 Machine learning models

2.4.1 Linear Regression

Linear regression is a fundamental regression method that attempts to establish a linear
relationship, minimizing the prediction error between input features and output labels.

It ts a straight line by minimizing the squared di erences between predicted and actual
values, using the method of least squares. Linear regression is suitable when there is a
linear relationship between features and the target.[11]

2.4.2 Decision Tree Regressor

Decision trees are tree-like structures where each node represents a test on a feature,
each branch represents the result of the test, and each leaf node stores a target value. It
recursively partitions the data into di erent regions, with the target value in each region
represented by the average of the samples in that region. Decision trees are suitable for
capturing non-linear relationships, but they can be prone to over tting.[12]

2.4.3 K-nearest neighbors

The K-nearest neighbors algorithm predicts by nding the closest K neighbors to a new
sample and averaging or weighted averaging their target values. It determines the most
similar samples based on the distance in the feature space. The K-nearest neighbors
are suitable for data with local patterns and perform well when there is a clear local
structure.[13]

2.4.4 Random Forest Regressor

Random forests are an ensemble learning method composed of multiple decision trees. It
reduces over tting by averaging the predictions of each tree. Random forests introduce
randomness during tree construction, such as feature subset sampling, to increase model
diversity. It performs well on large datasets with many features, e ectively modeling
complex relationships.[14]

2.4.5 MLP Regressor

Multi-layer perceptron (MLP) is an arti cial neural network with multiple layers (input,
hidden, output). In regression tasks, the output layer typically has a single node. It learns
nonlinear relationships in data through forward and backward propagation algorithms.
MLP is suitable for complex non-linear relationships, demonstrating strong expressive
power for large-scale datasets and highly nonlinear problems.[15]

2.5 DBSCAN

DBSCAN (Density-Based Spatial Clustering of Applications with Noise)[16] is a clustering
algorithm that groups data points based on their density in the feature space. It identi es
core points as those within a speci ed radius containing at least a minimum number of
neighboring points. Clusters are formed by connecting core points and their reachable
neighbors, while points outside such clusters are classi ed as noise. This method e ectively
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captures dense regions in the data, enabling the discovery of arbitrary-shaped clusters and
the ltration of noise points, making it robust for various spatial clustering applications.
From Figure 2, consider a randomly selected point, A, in the sample dataset. Begin by
de ning a radius and a minimum number of sample points required within a circular region
centered on A. If the circle encompasses enough sample points, such as B, C, M, and N,
the center of the circle is shifted to these internal points. This process of drawing circles
is repeated until the number of enclosed sample points becomes less than the specied
minimum number of points (MinPts).

Figure 2: Principle of DBSCAN algorithm[17].

DBSCAN groups data points into clusters, discerning regions of high density while clas-
sifying outliers as noise. In the context of ltering, this translates to the removal of data
points that deviate from expected patterns or exhibit anomalous behavior. By leveraging
DBSCAN's ability to form clusters based on data density, the algorithm enhances data
quality by Itering out noise, ensuring that subsequent analyses and modeling e orts are
conducted on a more accurate and reliable dataset.

2.6 Rauch Tung Striebel smoother

The Rauch Tung Striebel (RTS) smoother [18] is a mathematical method used to improve
the accuracy of estimating the state variables of a system by incorporating both past and
future measurements. The RTS smoother could be represented as a state-space model,
which consists of a state transition equation (describing how the system evolves) and a
measurement equation (relating the system's state to the observed measurements). The
system state is rst estimated by a Kalman Iter, which recursively processes incoming
measurements to estimate the current state of the system. Then, the RTS smoother per-
forms a backward pass through the state data. The backward pass revisits the estimates
produced by the Kalman Iter and re nes them by incorporating information from future

12



2.6 Rauch Tung Striebel smoother 2 THEORY

measurements.

Several parameters, including the transition matrix, the observation matrix, the transi-
tion covariance, the observation covariance, the initial state mean, and the initial state
covariance, need to be speci ed before implying the RTS smoother. The state is a vector
that describes the kinematics information. Both the transition matrix and the transition
covariance compose the motion model, and the observation matrix and the observation
covariance compose the measurement model.

The RTS smoother not only enhances the accuracy of state estimation by incorporating
both past and future measurements, resulting in improved estimates of a system's true
state over time, but also, in this project, estimates the parameters (velocities) in the state
that not included in the measurements (only positions). The RTS smoother can not only
estimate the kinematic information of one object but also improve the data quality and
distance estimation accuracy.

13
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