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Abstract

Each year, over one million people die in tra [c-rklated crashes, with more than
half involving vulnerable road users (VRUSs) such as pedestrians, cyclists, and e-
scooterists. To mitigate the crashes, it is important to understand the causation
mechanisms of such crashes and analyze the interactions and behaviors of VRUs.
Using the knowledge of these crash mechanisms and rider behavior, threat assesment
algorithms can be developed to identify anomaly in rider behavior and likelihood of
a crash. Naturalistic data has proven to be an e [edtive tool in tra [cshfety research
to identify the road user interaction and crash mechanisms. However, as the data
tends to be large, traditionally the safety critical events have been identified based
on kinematic trigger. However, in some safety critical scenarios, the vehicles may not
exhibit any change in kinematics, which often leads to their exclusion from analysis.
Given the sheer volume of data, manually reviewing each video requires significant
time and resources making it unviable. With the development of computer vision,
investigating the video footage can be very e [edtive. Therefore, by using computer
vision methods, we can accurately identify di[erent road users within the footage.
Once a road user is identified, machine learning models can be utilized to convert
the 2D position on the video frame into real-world positions and kinematics of the
road users. Threat assessment algorithms can use these positions and kinematics
to determine safety-critical scenarios. This approach makes identification of safety
critical scenarios using videos feasible in addition to making e [cieht use of the col-
lected data.

This thesis proposes a system that first utilizes the version 7 of You Only Look
Once (YOLOv7) model to conduct object detection, providing the bounding boxes
for target road users, including pedestrians, cars, cyclists, e-scooterists, and other
micromobility vehicles such as bicycles and e-scooters. Then, machine learning re-
gressors are used, taking the features of bounding boxes from YOLOvV7 as input, to
estimate the positions of the target objects. Finally, a threat assessment algorithm,
based on the range and time gap between the ego vehicle and the target object, is
used to identify whether the scenario in the video footage is a critical event or not.
The object detection model can generate detection results for pedestrians, cars, cy-
clists, e-scooterists, bicycles, and e-scooters with a mean Average Precision (mAP)
of 0.893 for all classes combined. Among all the selected machine learning regressors
for position estimation, the RandomForestRegressor has the highest R? score, ex-
ceeding 0.9. With the positional information of the road users, the threat assessment
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algorithm can apply safety metrics to detect critical events.

Keywords: VRU, Micromobility, Computer Vision, Position Estimation, Threat
Assessment
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1

Introduction

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, groups of
people called vulnerable road users (VRUS) [2] are involved. In the context of safety
on the road, certain groups mainly include pedestrians, cyclists, and lately, there
has been an increased number of e-scooterists on our roads. In short, a road user
who belongs to any of these categories is referred to as a vulnerable road user in this
thesis. To understand the crashes and mitigate the injuries, it is essential to study
the behavior of VRUs and other road users in critical situations. Naturalistic data,
which captures real-world interactions and behaviors, is particularly valuable for
this purpose. Such data enables researchers to analyze the causation mechanisms of
crashes and near-crash events, understand the dynamics of road-user interactions,
and develop e ective safety measures. Additionally, investigations are underway
to explore on how new technologies like computer vision which enables to discover
information from the situation represented in a image can be used in real trac
situations to avoid or lower the severity of crashes in the future. Computer vision
methods often rely on high quality image dataset, which also states the importance
and necessaries of naturalistic data in the tra ¢ context.

This thesis is the continuation of Bharti's master thesis "Estimating road-user posi-
tion from a camera: a machine learning approach to enable safety applications"” [3]
and Fang et al's automotive engineering project (AEP) [4] "Identifying Critical In-
teractions Among Road Users from Video Data". Bharti successfully implemented
pedestrian detection as well as distance prediction. During the AEP, Fang et al.
extended the scope of the models to enable detection of other road users including
cyclists, e-scooterists and cars and their position estimation. However, the above
models did not enable detection and position estimation of stationary e-scooters.
Additionally, using learning-based models to detect e-scooterists and cyclists de-
pended on the collaboration with rule-based models, which used the intersection of
the bounding box of a person and a cycle to identify cyclists and e-scooterists. This
was based on identifying the pedestrian and then looking for an e-scooter close to the
person. Combination of several models increased the overall system size and con-
strained the potential for real-time detection. Even with the development of neural
networks capable of achieving object detection in an end-to-end manner, the model
is still highly dependent on the quantity and quality of the dataset. Furthermore,
most open-source large-scale object detection datasets lack data on VRUs, such as
e-scooterists and cyclists. Therefore, the work of this thesis will focus on forming
a dataset that covers VRUSs, including e-scooterists and cyclists, as well as some
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1. Introduction

stationary objects commonly seen in tra c, like e-scooters and bicycles. Moreover,
a threat assessment algorithm using the position information of road users will be
added to identify safety-critical events (SCE).

Object detection models utilize images collected from monocular camera can only
generate 2D detection results. In most of the tra ¢ scenario, 3D detection con-
taining depth information of the target object such as the position is crucial for
understanding whether the current scenario is critical to the ego vehicle or not.
Learning the position information directly from the 2D object detection model is
very di cult. However, there have been several machine learning methods which
can utilize the bounding box as features to predict position with the position esti-
mation being regarded as a regression task.

Once the position is estimated, estimating threat assesment can be done to identify
potential near crashes and unsafe riding behavior in general.

1.1 Aim of the study

Despite the maturity of object detection based on on-board sensors and associated
threat assessment algorithms in the eld of autonomous driving, low-cost solutions
with a focus on VRUs based on monocular cameras are rarely explored. The aim of
this thesis is to develop a system to predict threats based on camera footage with a
speci ¢ focus on micromobility vehicles and riders by using computer vision to iden-
tify di erent road users and vehicles mentioned above and using machine learning
methods to predict threats. The methodology can be applied to naturalistic data
to identify near-crash events and other interaction of road user with e-scooterists.
The rst goal of this thesis is to collect and label a dataset that includes dier-
ent VRUs and micromobility vehicles. The second goal is modifying and training
object detection models on the expanded dataset. The third goal of the thesis is
using machine learning models to estimate the position of the road users based on
the bounding box parameters. The fourth goal is applying Kalman lter to lter
outliers in the detection. The last goal is using a critical event detection algorithm
to identify the near crashes and threats to e-scooter riders using naturalistic data.

1.2 Background Work

1.2.1 Data collection

With the development of computer vision, more and more datasets for object de-
tection has emerged over the past few years. While there are plenty of datasets
available for pedestrians and bicycles detection, such as COCO dataset [5], there
are few datasets for VRUs such as e-scooterists, cyclists and micromobility vehicles
such as e-scooters. Moreover, there is a lack of datasets recording interactions among
these VRUSs, which can be crucial for understanding crash causation mechanisms.
Therefore, in recent years, research targeting this gap have been proposed.

Prabu et al. [6] proposed a wearable data collection system, integrating LIDAR, cam-
eras, and GPS, operating through the Robot Operating System (ROS), to address

2



1. Introduction

limitations related to xed collection methods and to capture e-scooterists' behav-
lors. Bharti [3] introduced a pedestrians dataset by utilizing an e-scooter equipped
with a monocular sh-eye camera, LIDAR, and a data logger based on a Raspberry
Pi board. This setup was employed to capture pedestrians walking in front of the
camera, while the LIDAR generated point clouds containing kinematic information
used as the ground truth for position estimation. In the AEP [4], the e-scooter used
for data collection was equipped in the same manner as the one utilized in Bharti's
thesis [3]. The range of target objects to be detected was expanded to include cars,
cyclists, e-scooterists in addition to pedestrians. Moreover, Garcia-Venegas et al. [7]
introduced a cyclists datasets and a Convolutional Neural Network (CNN) model
which can not only detect the cyclists but also identify their orientation.

1.2.2 Road Users Detection

The two-stage object detection algorithms like R-CNN [8], Fast R-CNN [9], and
Faster R-CNN [10] can generally reach a higher accuracy on detecting objects at the
cost of sacri cing the detection speed. With the introduction of one-stage object
detection like You Only Look Once (YOLO), the detection task can be completed
faster, which is more suitable for detecting object in real-time.

The e-scooterists detection algorithm in naturalistic scenes proposed by Apurv et al.
[11] was achieved by combining YOLOv3 with MobileNetV2. They used YOLOv3
pre-trained on the MS COCO dataset to detect persons, then extended the bound-
ing box to encompass potential e-scooter regions beneath the feet, feeding this in-
formation into MobileNetV2 for binary classi cation to identify pedestrians and
e-scooterists. Hoa Nguyen et al. [12] introduced an e-scooter and its rider detection
framework where the detection is implemented by using a transfer learning strategy
to train a pre-trained YOLOv3 model on the collected dataset having e-scooter and
its rider. To improve the e-scooterist detection method based on YOLO collaborat-
ing with another binary classi cation model proposed by Apurv et al., especially in
scenarios where the e-scooterist is occluded by other objects, Shane Gilroy et al [13].
introduced an algorithm to enhance the calculation of the bounding box extension,
specifying two algorithms based on the aspect ratio for extending the bounding box
height for e-scooterists, stretching it to 5 times its original size if occluded (aspect
ratio <= 1:2.5), and 1.5 times the original height if not occluded (aspect ratio >
1:2.5). In the AEP [4], the YOLOV7 model collaborates with a series of rules based
on the Intersection over Union (IOU) between the detected person and bicycle, as
well as the frame information extracted from the JSON le which stores the detec-
tion results generated by YOLOV7, to determine whether a person appearing in one
frame with a bicycle should be detected as a cyclist or not.
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Theory

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

2.1 Deep learning for object detection

2.1.1 Convolutional neural networks

Convolutional neural network (CNN) is a kind of deep learning model that is de-
signed to process and analyze visual data. The typical structure of a CNN includes
convolutional layers, pooling layers, and fully connected layers. Due to their ability
to learn complex features as well as make accurate classi cations, they are widely
used in the eld of computer vision.

2.1.2 YOLO

In this thesis, version 7 of YOLO i.e. YOLOvV7 [14] model trained on customized data
is used to achieve object detection for di erent road users. YOLOV7 is a state-of-
the-art object detection algorithm. YOLOvV7 introduces several improvements and
optimizations over its predecessors, which make it accurate and well-suited for real-
time applications. It employs a powerful backbone network, such as CSPDarknet53
[15] to extract high-level features from input images e ciently. It also utilizes a
multi-scale detection strategy to detect objects at di erent resolutions within a single
network architecture, which improves the detection of objects at various sizes and
scales. The following is the network structure of YOLOV7:

1. Backbone: YOLOv7 utilizes CSPDarknet53 as its backbone network, which
is an improved version of the Darknet series. The CSP (Cross Stage Partial)
structure integrates cross-stage partial connections into Darknet to enhance
feature propagation e ciency and network performance.

2. Neck: YOLOv7 employs SPP (Spatial Pyramid Pooling) structure as its neck
component. SPP allows the network to capture contextual information of
targets at di erent scales, thereby improving detection performance.

3. Head: The detection head of YOLOv7 consists of multiple Feature Pyramid
Networks (FPN) and multilevel predictions. FPN is used to extract feature
maps of di erent scales from the backbone network, while multilevel predic-
tions are utilized to predict bounding boxes, con dence, and class information
at di erent scales.
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4. Anchor Boxes: YOLOV7 uses prede ned anchor boxes, which are employed to
detect targets at di erent scales. YOLOvV7 adjusts these anchor boxes through
regression to adapt to targets of di erent scales and shapes.

5. Output: The output of YOLOV7 consists of a set of bounding boxes, each as-
sociated with a target and containing class information and con dence scores.
These bounding boxes undergo non-maximum suppression (NMS) to remove
highly overlapped boxes, generating the nal detection results.

The training process of YOLOV7 is designed to be easily customizable and adapt-
able so that it is possible to train the model with the dataset collected from the
naturalistic data, making the model more adaptable to real-world usage scenarios.

2.1.3 Evaluation metric

To evaluate the performance of the object detection model, mAP (mean Average
Precision) is employed. It provides a comprehensive measure of how well an object
detection model identi es objects in an image across di erent categories.
"c AP,
— i=1 |
MAP = C

whereC is the number of categoriesiP is the average precision of each category. To
compute AP, the rst step is to create a precision-recall curve. Next, the precision-
recall curve is interpolated to create a smooth curve. Finally, the area under this
interpolated precision-recall curve is computed, which gives th&P . Higher mAP
values indicate better detection performance, with 1.0 being perfect precision and
recall for all classes.
In object detection tasks, mAP is often combined with IoU (Intersection over Union),
which measures the overlap between the predicted bounding box and the ground
truth bounding box. For example, mMAP@0.5 means that mAP is calculated under
the condition that a detection is considered correct if the loU between the predicted
bounding box and the ground truth bounding box is at least 50%.

(2.1)

2.2 Machine learning models

The distance estimation is a regression task which predicts the position of the target
relative to the ego vehicle in the real world based on the geometric features of the
bounding box from the object detection model. The following regression models are
examples that were used in this thesis.

1. Linear Regression: It is one of the simplest and most widely used regression
algorithms. It models the relationship between a dependent variable and one
or more independent variables by tting a linear equation to observed data.
In simple linear regression, there is only one independent variable, while in
multiple linear regression, there are multiple independent variables. The goal
of linear regression is to nd the best- tting line that minimizes the vertical
distances between the observed data points and the line (the residual errors).
This line can then be used to make predictions for new data points. Lin-
ear regression is computationally e cient, interpretable, and provides insights
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into the relationships between variables, but it assumes a linear relationship
between the independent and dependent variables, which may not always be
the case.[16]

. Decision Tree Regressor: It is a type of supervised learning algorithm used
for regression tasks. It works by partitioning the feature space into a set of
non-overlapping regions and tting a simple model (like a constant) to each
region. The model predicts the target variable by traversing the tree from
the root to a leaf node, where each internal node represents a decision based
on the value of a feature, and each leaf node represents the predicted value.
Decision trees are intuitive, easy to interpret, and can handle both numerical
and categorical data. However, they are prone to over tting, especially when
the tree depth is not appropriately controlled.[17]

. Random Forest Regressor: It is an ensemble learning method used for regres-
sion tasks. It operates by constructing multiple decision trees during training
and outputs the mean prediction of the individual trees for regression. Each
tree in the forest is built using a random subset of the training data and
a random subset of the features, which helps to reduce over tting and im-
prove generalization performance. Random forests are highly robust to noise
and outliers in the data and can handle high-dimensional feature spaces e ec-
tively.[18]

. K-Neighbors Regressor: It is a non-parametric algorithm used for regression
tasks. It predicts the target variable for a new data point by averaging the
target values of the k-nearest neighbors, where "k" is a user-de ned parameter.
The prediction is typically the mean (or weighted mean) of the target values
of the k-nearest neighbors in the feature space. KNN regression is simple to
implement and can capture complex patterns in the data. However, it su ers
from high computational costs during prediction, especially for large datasets,
and requires careful selection of the hyperparameter k.[19]

. Multi-layer perceptron (MLP) Regressor: It is a type of arti cial neural net-
work used for regression tasks. It consists of multiple layers of nodes (neurons),
including an input layer, one or more hidden layers, and an output layer. Each
node in the hidden layers uses a nonlinear activation function to transform its
input. During training, MLP regressors use backpropagation and gradient
descent to minimize a loss function and adjust the weights of connections be-
tween neurons. MLPs can capture complex relationships in the data but may
require careful tuning of hyperparameters like the number of layers, number
of neurons per layer, and learning rate.[20]

2.3 Machine learning model evaluation metrics

2.3.1 Mean Absolute Error

Mean Absolute Error (MAE) is a metric used to evaluate the accuracy of a prediction
model, particularly in the context of regression analysis. It measures the average

7
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absolute di erence between the predicted values and the actual values in a dataset.

11X .
MAE = ooy ¥ (2.2)

i=1

wheren is the number of samplesy; is the actual value, andy; is the corresponding
predicted value.

2.3.2 Mean Squared Error

Mean Squared Error (MSE) is another common metric used in regression analysis
to evaluate the performance of a prediction model. Similar to MAE, it quanti es
the discrepancy between the predicted values and the actual values in a dataset.
However, MSE emphasizes larger errors more than smaller ones, due to the squaring
operation.

X0
MSE= " (9’ (2.3)

i=1
wheren is the number of samplesy; is the actual value, andg; is the corresponding
predicted value.

2.3.3 R-squared score

The R-squared (R) score, also known as the coe cient of determination, is a sta-
tistical measure used to assess how well a regression model ts the observed data.
It provides insight into the proportion of the variance in the dependent variable
(the variable being predicted) that is explained by the independent variables (the
predictors) in the model. It ranges from 0 to 1, where a higher value indicates a
better explanatory power of the model.

P n ‘ 2
i=1 I

where n is the number of samplesy; is the actual value,¥; is the corresponding
predicted value, andy is the mean of the actual values.

2.4 Filtering and outlier rejection algorithm

Due to the limited training data of the position estimation model and the complex
environment in the naturalistic data, it is likely to have some errors in its estimation
of road user positions. The use of Iters outlier rejection algorithm allows correction
for errors in position estimation at a certain degree. In addition, the Iter can also
act as an estimator, which, in combination with the process equations, enables the
estimation of the velocity of the target based on its position.

8
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2.4.1 Kalman lter

Kalman lter[21] is presented as a recursive algorithm designed to estimate the state
of a linear dynamic system in the presence of noise, which has been used in numerous
elds including control theory, signal processing, and navigation systems.

The Kalman Iter operates through a two-step process: predict and update. In the
prediction step, the algorithm forecasts the state of the system based on its previous
state and any known control inputs. The update step then re nes this prediction
using noisy measurements, producing an optimal estimate of the current state by
combining information from both the system dynamics and the measurement data
so that an optimal estimation can be given.

The following is the mathematical expression of Kalman lter:

Predict: R, = AR 1+ Buyg 1
P, = AP, AT + Q

Update: K =P, HT(HP, HT + Ry !
R =%+ Ki(ze HR)
Pc=(1 KH)P,

Where:

" R is the predicted state estimate at time stefk.

A is the state transition matrix.

Ry 1 Is the state estimate at the previous time stefx 1.
B is the control-input matrix.

Uk 1 is the control input applied at time stepk 1.

P, is the predicted error covariance matrix at time stegk.
Qx is the process noise covariance matrix.

K is the Kalman gain at time stepk.

H is the measurement matrix.

Ry is the measurement noise covariance matrix.

Z¢ is the measurement at time stex.

Ry is the updated state estimate at time stefk.

Py is the updated error covariance matrix at time stefk.
| is the identity matrix.

A

2.4.2 Rauch Tung Striebel smoother

The Rauch Tung Striebel (RTS) smoother [22] is a statistical method used in state-
space modeling and signal processing. It is employed to estimate the past states
of a dynamic system given noisy observations of its current and past states. RTS
smoother is particularly useful when dealing with time series data and is an extension
of the Kalman lter.

The RTS smoother works by incorporating information from future observations to
re ne the estimates of past states, taking advantage of the entire dataset available
up to the current time point. By considering both past and future observations, the

9
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RTS smoother provides improved estimates compared to the Kalman Iter alone,
especially in scenarios where observations are noisy or incomplete.
The mathematical expression of RTS smoother:

Rijk = Xk + K(Xezjk  Ri+1jk ) (2.5)

whereXyjk is the smoothed state estimate at timd, Ry is the Itered state estimate
at time k, Xgs1jx is the predicted state estimate at timek + 1, and Ky is the
smoothing gain at timek.

2.4.3 DBSCAN for outlier rejection

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) [23] is a
popular clustering algorithm in data mining and machine learning. The key idea
behind DBSCAN is to group together closely packed points based on two parameters:
epsilon (), which de nes the radius within which to search for neighboring points,
and min-samples, the minimum number of points required to form a dense region
(a cluster).
DBSCAN categorizes points into three types:

1. Core points: These are points that have at leastmin-samples points (including

themselves) within distance .

2. Border points: These points are within distance of a core point but do not

have enough neighbors to be considered core points themselves.

3. Noise points (or outliers): Points that are neither core points nor border points.
The algorithm works by starting with an arbitrary point and expanding the cluster
by adding neighboring points if they are core points. This process continues recur-
sively until all reachable points are added to the cluster. Then, the algorithm moves
to the next point that has not been assigned to any cluster and repeats the process
until all points are either assigned to a cluster or marked as outlier.

2.5 Threat assessment algorithm

Typically, the naturalistic data is used to visually con rm the crashes or near crashes
identi ed by the sensors installed in the vehicle. However, with the kinematic infor-
mation derived from the position estimation model, it is possible to perform threat
assessment on the naturalistic data in the domain of time, distance or a combination
of both. The following are the potential threat assessment algorithms that could be
used.

2.5.1 Range

Range is also called distance headway in SAE J2944 standard [24]. Distance head-
way, as de ned in J2944, refers to the space or gap between vehicles traveling in
the same lane, measured in terms of distance. This is a critical parameter in active
safety systems, as it determines the safe following distance between vehicles.

10
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2.5.2 Time gap

In SAE J2944, the time gap is typically expressed in seconds and represents the time
interval between ego vehicle and the lead vehicle. It can be calculated according to

the equation:

D

v (2.6)
whereD is the distance between the same features of the two vehicles, for example

the distance between the front bumpers of two card/. is the speed of ego vehicle.

2.5.3 Time to collision (TTC)

TTC is a critical parameter measured and analyzed in evaluating the e ectiveness
of collision avoidance systems within ADAS and ADS. Time to Collision refers to
the estimated time it would take for a vehicle to collide with an obstacle or another
vehicle if no corrective action is taken. Compared to the time gap, the TTC takes
the speed of the leading vehicle into account:

D
Ve M

TTC= 2.7)

where D is the distance between the same features of the two vehicl&s, is the
speed of ego vehicle/ is the speed of leading vehicle.
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Methods

This chapter will present the methodology used in this thesis. Figure 3.1 shows the
overall methodology, and each section is described in detail below.

Figure 3.1: Schematic of the methodology pipeline.

3.1 Data collection

The image data used to train the YOLOv7 model is collected by a monocular sh-
eye camera which is the same camera used in Bharti's thesis [3] and AEP [4] with a
resolution of 720*532, a eld of view o220 and a frame rate of 30 FPS.

The data was collected at multiple sites in Gothenburg, in order to ensure that the
dataset covers as wide a range of tra c situations as possible. Figure 3.2 shows the
routes planned to collect data. The rst route is mainly along the city's main roads
and also passes through the city center area. These areas have a high volume of
tra c around 8 am and 4 pm and it's possible to capture a large number of cyclists,
e-scooterists and cars.

The second and third routes are two di erent routes between Lindholmen and Jo-
hanneberg. The second route goes through Hisingsbron bridge, where many cyclists
as well as some e-scooterists can be captured during rush hours, typically around
8.00 to 9.00 am and 4.00 pm.

The third route also connects the two campus.The e-scooter need to cross the river
via a ferry and go through another main road, is a common route preferred by mi-
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