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Abstract

One of the critical requirements for a safe assistive and autonomous driving system
is the accurate perception of the ego vehicle’s environment. While there have been
significant strides in detecting and tracking visible surroundings of the ego vehicle,
accurate prediction of vulnerable road users such as pedestrians and cyclists remains
a challenge as vulnerable road users can instantly change their direction and speed.
Humans make important intuitive decisions based on the interactions in the scene
and the sequences of actions to interpret the intent of vulnerable road users. How-
ever, the same cannot be assumed for the current assistive and autonomous driving
systems, as these intentions are realised through subtle gestures and interactions.
Since predicting the future intent of vulnerable road users is essential to warn the
driver or automatically perform smoother manoeuvres, our thesis aims to predict
pedestrian intent using deep machine learning.

In recent years, the intent prediction problem has been a topic of active research, re-
sulting in several new algorithmic solutions. However, measuring the overall progress
towards solving this problem has been difficult. Therefore, this thesis investigates
the performance of multiple baseline methods on the joint attention in autonomous
driving (JAAD) dataset to tackle this obstacle. Despite achieving state-of-the-art
results on curated datasets, most of these methods are developed, disregarding po-
tential deployment in production environments. Our thesis proposes an end-to-end
network that attempts to reduce the gap between prototyping and production based
on these findings. The proposed end-to-end network predicts the future intent of
vulnerable road users up to half a second in the future.

Keywords: Deep Machine Learning, Computer Vision, Intent Prediction, Autonomous

Driving, ADAS, AD, JAAD, PIE
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1

Introduction

This chapter presents an overview of the pedestrian intent prediction problem and
introduces the crucial developments in this domain. The organisation of this chapter
is as follows: section 1.1 highlights the challenges and importance of pedestrian
intent prediction problem, section 1.2 explains the overall objective of the master
thesis, section 1.3 explores the current state-of-the-art methods, section 1.4 describes
the contribution of the master thesis, section 1.5 outlines the individual contributions
of the authors, section 1.6 defines the limitations of the master thesis, and section
1.7 reveals the contents of the following chapters.

1.1 Background

According to the World Health Organisation, nearly half of road traffic fatalities
are experienced by vulnerable road users such as pedestrians and cyclists. The rea-
son for this is that they do not have any unique means of protection [1,2]. As
autonomous vehicles become more common on the roads, their progress attracts
additional safety concerns for vulnerable road users. Since predicting the intention
of vulnerable road users is critical for human driving, the same level of importance
must be taken into account by systems providing any driving assistance level, from
advanced driver assistant systems to fully autonomous vehicles [3]. With almost
half of all fatalities caused by road traffic accidents being pedestrians and cyclists,
the ability to successfully predict vulnerable road users’ intentions becomes one of
the critical requirements to ensure the acceptance of fully autonomous vehicles into
our societies.

While there have been significant strides in detecting and tracking visible surround-
ings to the vehicle, accurate detection and prediction of vulnerable road users’ in-
tentions remain challenging. Among these vulnerable road users, accurate detection
and prediction of pedestrian intentions become a challenging subproblem as pedes-
trians do not explicitly indicate their intentions, allowing for higher fatality risk.
Due to this reason, the pedestrian intention prediction problem becomes a subset
of the much more extensive intent prediction problem where the goal is to auto-
matically estimate a pedestrian’s relative position and intention [4]. In other words,
pedestrian intent prediction involves predicting pedestrians’ positions and intentions
to evaluate the ego vehicle’s risk. This information is critical for reducing the chance
of injuries requiring hospitalisation. Experiments show that initiating an emergency
brake with 160 ms of anticipation over a 660 ms time to collision can lessen the
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probability of injury requiring hospitalisation from 50% to 35% [5]. Furthermore,
information about pedestrian intent is also valuable in lowering collision avoidance
alerts and systems’ false-positive rates, resulting in a safe and smooth manoeuvre
while driving.

One of the most significant reasons for the high complexity of pedestrian intent
prediction is that pedestrians are very agile in their movement and can change their
direction without a noticeable reduction in speed. We, as humans, make important
intuitive decisions based on the sequences of actions and interactions with other
people in the scene to achieve safe and smooth navigation. This intuition allows
movements that are very dynamic as we can decide what route to take in a very dy-
namic manner. This simple yet valuable piece of information is crucial for deciding
the next step to be taken. On the other hand, machines have a hard time reading
human judgments realised by subtle gestures and interactions. This inability to
understand humans makes autonomous vehicles very conservative in their driving.
This deficiency can cause a lot of starts and stops or jerking movements when driv-
ing in city streets. In turn, this can be nauseating for the riders and upsetting for
others on the road [6].

However, with the advent of Deep Learning, advanced algorithms that read pedes-
trian instincts and make judgments are being developed. Various methods ranging
from trajectory prediction to behavioural analysis are being explored [1]. At the
same time, different input modalities from images to point cloud data are also being
examined. In this master thesis, we investigate the idea of using monocular RGB
images as core information to recognise the intentions of vulnerable road users.

1.2 Objective

As mentioned in the earlier chapter, with safety being one of the biggest concerns
with autonomous vehicles, it is crucial to predict pedestrians’ intent accurately. In
order to predict pedestrians’ intent accurately, precise detection and tracking of ego
vehicle’s visible surroundings are critical. In this regard, different sensing methods
like cameras, radars, and lidars have been used to detect and track visible surround-
ings of the ego vehicle. Despite the popularity of these methods, none of them is
infallible as each method has a specific limitation. Cameras are a widely understood
and mature technology. They can readily detect colour information and have an ex-
tremely high resolution. However, the accuracy of a camera-based system is highly
dependent on the environment and weather conditions. Alternatively, radars are
virtually impervious to adverse weather conditions, working reliably in dark, wet,
or foggy weather. Radar sensors have a limited resolution, leading to difficulty iden-
tifying and reacting to multiple, specific hazards. Lastly, lidar sensors are the only
sensors that can provide an incredibly detailed 3D view of the environment around
the sensor. The drawback is that it takes enormous processing power to interpret
lidar measurements and translate them into actionable data. They are also highly
complex and expensive.
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In addition to the sensor modality, the availability of quality data and baseline
methods is vital to evaluate the performance of the prediction method. In recent
years, the pedestrian intent prediction problem has been a topic of active research,
resulting in many new algorithmic solutions, which are reviewed in section 1.3. How-
ever, a limited number of high-quality datasets can be used to benchmark multiple
state-of-the-art methods. Since measuring the overall progress is crucial to solving
the intent prediction problem, developing a prediction method based on publicly
available high-quality datasets with standard training and evaluation procedures
seems reasonable.

Therefore, this thesis aims to design a pedestrian intent prediction method based on
2D images captured from a high-resolution monocular camera by finding methods
that use publicly available high-quality datasets, employ standard training and eval-
uation procedures, and consistently provide accurate predictions. The objective was
chosen as all the publicly available high-quality datasets are based on monocular
camera data. Additionally, an objective was also set to compare the performance of
the novel method against multiple state-of-the-art methods to measure the overall
progress in solving the intent prediction problem.

1.3 Related work

Since the pedestrian intent prediction problem has been a topic of active research,
various approaches have been taken to tackle this problem. An extensive literature
review was carried out, and an overview of the different approaches and the recent
work done within these approaches are presented in this section.

1.3.1 Pedestrian detection and tracking

Pedestrian detection and tracking is one of the basic approaches to detect pedestrian
intent. This approach aims to predict pedestrian intent based on intrinsic pedes-
trian features such as future trajectories or poses. Pedestrian detection and tracking
based approach usually consist of an object detector followed by an object tracker
and a classifier.

When it comes to pedestrian detection methods, a thorough analysis of various
pedestrian detection methods based on shallow learning was provided in [7]. How-
ever, the accuracy of methods mentioned in [8] drops while detecting pedestrians in
a crowd due to occlusion. Recently, various deep learning methods such as [9-12]
provide significantly higher accuracy while detecting pedestrians in a crowd [11,12]
or in the presence of occlusion [8]. For pedestrian tracking, multi-person tracking
methods to track every person in a crowded scene was employed in [13]. Lately,
techniques like people re-identification [14] and pose estimation [15] are being used
to solve tracking problems.

Recently, several works have been directed towards designing pedestrian intent pre-
diction with various object detection and tracking algorithms. [16-18] uses different

3
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parts of the body to detect the movement and intent of the pedestrian by zoom-
ing into the corresponding body part and using local features to classify whether
the pedestrian is crossing or not. At the same time, [19] predicts the intent of the
pedestrian by combing CNNs and LSTMs. Lastly, [20] predicts pedestrian intent
based on intrinsic pedestrian feature poses by fitting an n-point skeleton to each de-
tected pedestrian and classifying using a support vector machine or a convolutional
neural network. Although these features contribute to predicting pedestrian intent,
pedestrian detection and tracking based approaches ignore context and interactions
with objects in the scene, such as other pedestrians, vehicles, traffic signs, lights,
and other environmental factors. Our thesis argues that such relationships can be
revealed over time. Therefore, our thesis takes object detection and tracking based
approaches for granted and investigates visual reasoning approaches to understand
the intent of the pedestrians.

1.3.2 Trajectory prediction

Trajectory Prediction is another closely related approach to detect pedestrian in-
tent. This approach predicts pedestrian intent based on the assumption that accu-
rate prediction of future trajectory indicates the pedestrian’s intent. Although the
assumption is valid, trajectory prediction is a complex problem as human motion
is driven by complex internal and external stimuli. Human motion can be driven
by the intent, surrounding objects, social rules, or the environment. Since most
factors are not directly observable, future trajectories are hard to predict accurately
in real-time and require more annotations and supervision.

Recent works like [21,22] use past trajectories to predict the future trajectories. [23]
uses inverse reinforcement learning to predict future trajectories. [24] models social
dynamics and crowd interaction to predict future trajectories. Furthermore, some
methods utilise human dynamics in different forms to predict trajectories. [25,26]
proposes Gaussian Process Dynamical Models based on the action, speed, location,
and heading direction as input to predict future directions and intent. [21,22,27,28]
incorporate environmental factors into trajectory prediction. One of the most sig-
nificant issues with trajectory prediction based approaches is that many methods
depend on a top-down view of the scene. In addition, trajectory prediction is not
a well-defined problem as future trajectories are often contingent on the initial con-
ditions and cannot be predicted long enough into the future with enough certainty.
Therefore, although the methods mentioned above obtain remarkable results, the
dependency on the top-down view of the system makes the methods inapplicable to
data available for our thesis.

1.3.3 Action prediction

Action prediction can be considered as one of the most suitable approaches for in-
tent prediction. This approach predicts pedestrian intent by modelling the causal
relationship between the past, current and potential future information similar to
approaches used in activity recognition algorithms. Since the action prediction ap-

4
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proach tries to anticipate the following action by looking at the sequence of previous
actions, pedestrian intent prediction can be considered a sub-problem aiming to
forecast whether a given pedestrian will cross in the future. Action prediction is
an important problem in many domains such as assistive robotics [29-32], surveil-
lance [33-36], sports forecasting [37-39] and autonomous driving systems [40-43].
Action prediction can be either implicit in the form of future trajectories or poses
(30,34, 38,41, 44] or explicit in terms of predicting future events. [29,33,35,39,40]

Mainstream strategies for action prediction use sequential temporal tools to model
the causal relationship or visual features extracted from recently observed frames
to predict the following action. Some commonly employed architectures include re-
current networks [45-47], 3D convolutional networks [48-50], or a combination of
both [51]. Among methods based on recurrent networks, high-level semantics are
often preprocessed with off-the-shelf algorithms, and data-driven methodologies are
employed to learn parameters. Among methods based on convolutional networks,
researchers often resorted to deep ConvNet features and learned a classifier from
the training data. Most of the methods mentioned above anticipate the next action
by looking at the sequence of previous actions [52]. However, other methods build
spatiotemporal graphs [6] or use reinforcement learning [53] to predict the next ac-
tion. One of the most significant issues with the action prediction approach is that
many methods depend on the type of data to build a prediction model. Although
these methods obtain remarkable results, the thesis aims to build a model that can
reason on the scene and estimate the likelihood of crossing or not crossing.

1.3.4 Scene graph parsing and visual reasoning

Scene graph parsing and visual reasoning is relatively a new approach to detect
pedestrian intent. A scene graph is a structured representation of a scene that re-
veals the objects, attributes, and relationships between objects in the scene. As
computer vision technology continues to develop, researchers are no longer satisfied
with simply detecting and recognising objects in images; instead, researchers look
forward to a higher level of understanding and reasoning about visual scenes. Pre-
dicting the Spatio-temporal relationship between the various objects in the scene
is the principle behind the scene graph parsing and visual reasoning approach for
pedestrian intent prediction.

Recently, several works have been directed towards generating scene graphs with
global context [54], relationship proposal networks [55], conditional random fields
[56], iterative message-passing [57] or recurrent neural networks [58]. Scene graphs
built on visual scenes are used for multiple applications such as action recognition
[59], image generation [60], trajectory prediction [61], and visual question answering
[62].

Since the scene graph parsing and visual reasoning approach considers the pedes-
trian context and interactions, our thesis proposes an approach for the pedestrian
intent prediction problem based on scene graph parsing and visual reasoning. To
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achieve this, we extract features from each object in the scene and reason about the
relationship between objects through graph convolution techniques. Additionally,
our approach creates a scene graph for each time point instead of one single scene
graph to model the spatiotemporal relationship between objects. This spatiotem-
poral modelling captures intrinsic scene dynamics, encoding the sequence of subtle
human actions, which are crucial for predicting the intent.

1.4 Thesis contribution
In this master thesis, the authors answer the following research questions:

1. How well can a novel deep machine learning architecture predict pedestrian
intent 0.5 seconds, 1 second and 1.5 seconds in the future when applied on a
publicly available dataset?

2. What are the key characteristics that explain the differences in the performance
of the novel architecture and the existing architecture?

1.5 Individual contribution

Since a considerable effort was spent on formulating the problem, performing the
literature survey, designing the problem, implementing the novel architecture and
benchmarking the result against the baseline methods, this section outlines the in-
dividual contributions of the authors.

Both the authors worked equally on the literature survey (section 1.3, 2.2.3, and
2.3), established the problem formulation (section 1.4), planned the solution ap-
proach (section 3.3), and selected the features (section 3.1.2) and the machine learn-
ing framework (section 3.2).

The first author predominantly restructured the input dataset into the frame-by-
frame structure (section 3.3.3), implemented the graph-frame translation (section
3.3.4), and realised the training algorithm and the initial testing structure (section
2.3). The author also implemented the novel architecture (Section 3.3), trained and
tuned model #1, and shared the workload in the training and tuning of model #2.

The second author predominantly examined the various publicly available datasets
for the data selection (section 3.1.1), implemented the scene parser algorithm (sec-
tion 3.3.2), defined the test metrics (section 2.3), and shared the workload in the
training and tuning of model #2. The author also organised and trained the base-
line methods (section 3.4) and benchmarked all the methods based on accuracy,
characteristics and processing times (section 4.2).

6
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1.6 Limitations

The scope of the master thesis is limited because of the following reasons:

1. The master thesis would use the publicly available JAAD dataset [63] for in-
tent prediction. Therefore, the scenarios evaluated in this master’s thesis is
limited to the scenarios available within the dataset.

2. The data available in the JAAD dataset [63] is limited to images from high-
resolution monocular cameras mounted on the ego vehicle. Therefore, the
input data is limited by the system configuration. Furthermore, other modal-
ities of input data are not considered.

3. The data available in the JAAD dataset is limited to pedestrians. Hence,
cyclists are not considered for evaluating the crossing intent. Henceforth, the
phrase vulnerable road users only represent the pedestrians in the scope of this
master thesis.

1.7 Thesis outline

The thesis has been divided into five chapters: chapter 1 presents an overview of
the pedestrian intent prediction problem and provides an introduction to the cru-
cial developments in this domain, chapter 2 introduces various essential terms and
theoretical concepts that are relevant to this master thesis, chapter 3 describes
the methodology used to predict pedestrian intent, chapter 4 analyses the results
obtained from the implementation, discusses the project outcome based on the re-
search questions in section 1.4 and examines the significance of this master thesis,
and chapter 5 presents the conclusion for the master thesis and examines the future
work.
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Theoretical Background

This chapter presents a theoretical background behind the machine learning algo-
rithms and neural networks relevant to this master thesis. The organisation of this
chapter is as follows: section 2.1 explains the fundamentals of artificial intelligence
(AI), machine learning (ML) and deep learning (DL), section 2.2 explains the dif-
ferent types of neural networks used in this master thesis, and section 2.3 defines
the evaluation criteria used in this master thesis.

2.1 Artificial Intelligence, Machine Learning and
Deep Learning

With lower computational cost and faster communication providing unlimited access
to information and a better understanding of the physical world around us, heavily
automated decision making such as artificial intelligence is becoming the driving
technology of the 21st century. However, artificial intelligence has been the core en-
abler of many applications such as self-driving cars, digital assistants, and medical
imaging, to name a few. Despite this, a correct understanding of this critical tech-
nology seems scarce. Additionally, due to the immense hype around this technology,
there seem to be many misunderstandings between the terminology. This misinter-
pretation can be mainly observed when the terms artificial intelligence, machine
learning, and deep learning are switched around all the time. Although the terms
seem equivalent, the meaning of each term varies, and this section aims to clearly
articulate the differences between artificial intelligence, machine learning, and deep
learning.

2.1.1 Artificial Intelligence

The term Al was first coined by John McCarthy in 1956 when he held the first aca-
demic conference on Al at Dartmouth[64]. According to McCarthy, Al is the science
and engineering of making intelligent machines[64]. In other words, Al is a sub-field
of computer science, just like quantum physics or organic chemistry, which aims to
replicate or simulate human intelligence so that machines can perform tasks like
visual perception, speech recognition, and decision-making, which humans typically
perform.

The applications of AI can range from Deepmind’s Alpha Go [65] to IBM Wat-
son [66]. Therefore, Al is usually classified based on its ability to mimic human

9
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Artificial
Intelligence

Machine
Learning

Figure 2.1: Difference between AI, ML and DL

intelligence. Based on the above characteristic, all Al-based systems can be cate-
gorised into one of the below three categories:

o Artificial narrow intelligence (ANT)
o Artificial general intelligence (AGI)
o Artificial super intelligence (ASI)

Artificial Narrow Intelligence

ANI, also referred to as weak AI or narrow Al, is the only type of AI humans have
successfully realised to date. ANI is goal-oriented and trained to perform a singu-
lar task (For example, visual perception or speech recognition) - and outperforms
humans at the specific task it is trained to do. Since ANI has a narrow scope of
what it can do, even the most intelligent narrow Al in 2021 is nowhere near-human
intelligence. Even if some of them can outperform humans in these particular tasks.
Some examples of narrow Al are IBM Watson [66], virtual Assistants like Siri by
Apple [67], Cortana by Microsoft [68], and others, image recognition software like
Google Lens [69], and Tesla’s Autopilot system [70].

Artificial General Intelligence

AGI also referred to as strong Al or human-levelled intelligence, is a conceptual Al-
based system that mimics human intelligence and can apply its intelligence to solve
any problem. AGI can compete with humans on its ability to think, understand,
and act indistinguishably from humans in any situation.

10
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AT researchers and scientists are nowhere close to creating AGI. One of the crit-
ical challenges to be overcome is intuition. Unlike weak Al-based systems, humans
can make intuitive leaps to solve any unknown problem with minimal data. Fur-
thermore, the lack of comprehensive knowledge of the human brain’s functionality
makes it exponentially difficult for researchers to replicate even primary functions
of sight and movement.

Artificial Super Intelligence

ASI is a hypothetical Al-based system that does not just understand human intel-
ligence and behaviour but outperforms even the most intelligent humans in intelli-
gence and ability in all possible fields.

ASI has long been the muse of dystopian science fiction in which robots overthrow
and enslave humanity. Since ASI would be better than everything humans do, su-
perintelligent systems’ decision-making and problem-solving capabilities would far
surpass humans’ Fortunately, Al researchers and scientists do not even dream of
creating ASI.

Artificial General
Intelligence (AGI}

Artificial Narrow
Intelligence (ANI)

Artificial Super
Intelligence (ASI)

Outperforms the smartest
human brains in all fields

Competes with humans on
all tasks at the same level

Outperforms humans in
one specific task

Time

Figure 2.2: Difference between ANI, AGI and ASI

2.1.2 Machine Learning

Arthur Samuel first coined the term ML in 1959. Arthur defined ML as a field
of study that gives computers the ability to learn without being explicitly pro-
grammed[71]. In other words, the critical idea behind machine learning is to create

11
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algorithms that improve its performance with data. Therefore, the present-day def-
inition of machine learning is as follows: Machine learning is a computer program
that learns from experience E for some class of tasks T and performance measure P,
if its performance at tasks in T, as measured by P, improves with experience E [72].
To give an example for the definition mentioned above, to create a machine-learning
algorithm that predicts the intent of the pedestrian (T), data with past pedestrian
intent patterns (E) must be provided so that the accuracy of the prediction improves
over time (P). Other examples of machine learning algorithms used in our day-to-
day lives are email spam and malware filters, recommendation engines, and online
customer support chatbots.

Machine learning is usually classified into one of the below three categories based
on the learning as shown in figure 2.3:

o Supervised Learning
o Unsupervised Learning
o Reinforcement Learning

Machine Learning

Supervised Learning Unsupervised Learning Reinforcement Learning
(Task driven learning) (Data driven learning) (Experiment driven learning)

Figure 2.3: Types of ML Algorithms

Supervised Learning

Supervised learning, also called task-driven learning, is a machine learning algorithm
that requires labelled datasets to train algorithms that classify data or accurately
predict outcomes. In other words, supervised learning is a machine learning algo-
rithm that learns the mapping between input and output variables.

In supervised learning algorithms, training data and the correct outputs are fed
to the algorithm, which allows the model to learn the mapping between input and
output over time. The trained model is usually run on validation data to evaluate
if the model has been trained successfully. The supervised learning algorithm es-

12
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timates its accuracy through a loss function, and the training continues until the
model the error has been adequately minimised. Supervised learning is the most
commonly used machine learning algorithm, and it is used to solve classification and
regression problems.

Some examples of supervised learning algorithms are Naive Bayes algorithm [73],
Support Vector Machine [74], Decision Tree [75], and K-Nearest Neighbours [76].
Some problems generally solved by supervised learning algorithms are email spam
and malware filters, and cancer detection algorithms.

Unsupervised Learning

Unsupervised learning, also called data-driven learning, is a machine learning algo-
rithm that uses unlabelled datasets to train algorithms. In other words, unsuper-
vised learning is a machine learning algorithm that learns to describe or define the
relationship between data.

Unlike supervised learning, unsupervised learning algorithms train only on the in-
put data without output variables. Therefore, unsupervised learning algorithms
discover hidden patterns in data without the need for human interference. Unsuper-
vised learning algorithms are instrumental when humans are unaware of the common
properties within a dataset. Therefore, unsupervised learning algorithms are used
to solve clustering and density estimation problems.

Some examples of unsupervised learning algorithms are K-means clustering algo-
rithm [77], Singular Value Decomposition algorithm [78], and Principal Component
Analysis algorithm [79]. Some problems generally solved by supervised learning
algorithms are recommender systems and anomaly detection algorithms.

Reinforcement Learning

Reinforcement learning, also called experiment-driven learning, is a machine learning
algorithm that uses an environment, which is no fixed training dataset, to achieve a
goal or set of goals realised through the agent’s actions for which it receives feedback
about its performance [80]. In other words, the reinforcement learning algorithm
is a machine learning algorithm where an agent operating in an environment must
learn to operate using feedback.

Reinforcement learning is similar to supervised learning since the trained agent or
model receives feedback signals to optimise its performance, although the feedback
may be delayed and statistically noisy, making it challenging for the agent to con-
nect the cause and the effect. Therefore, training reinforcement learning algorithms
is comparable to how humans learn: Through trial-and-error. Like humans optimise
their behaviour based on the stimuli, agents interacting in an environment use feed-
back loops to maximise the reward. Therefore, reinforcement learning algorithms
are used to solve path planning and motion control problems.
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Some examples of reinforcement learning algorithms are Q-Learning algorithms [81],
Genetic algorithms [82], DPG algorithm [83], and A3C algorithm [84]. Some com-
mon applications for reinforcement learning algorithms are self-driving cars, com-
puter games and resource management problems.

2.1.3 Deep Learning

Igor Aizenberg and his colleagues first coined the term DL in 2000 [85]. Deep learning
algorithms are a subset of machine learning algorithms that mimic humans’ learning
process by teaching the machine to learn by example. Deep learning algorithms
use complex multilayer learning structures known as neural networks that learn an
implicit representation of the raw data on their own to produce the desired result.
In other words, to make traditional machine learning algorithms work, an essential
but highly complicated preprocessing step known as feature extraction must be
performed manually by domain experts for the algorithms to work. On the other
hand, deep learning algorithms learn these extract features automatically as the
learning structures within these algorithms optimise to obtain the best possible
abstract representation of the input data.

Machine Learning

Car
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— I Not Car

Input Feature Extraction Classification Output

Deep Learning
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'.@_@.‘ Not Car

Input Feature Extraction + Classification Output

Figure 2.4: Difference between machine learning and deep learning

Due to this, deep learning becomes particularly useful as the majority of the data in
the world is unorganised (i.e., it exists in different formats). Another big difference
between machine learning and deep learning is that the latter scales better with large
amounts of data. In other words, the accuracy of deep learning algorithms tends
to increase with an increase in the amount of data, whereas traditional machine
learning algorithms stop improving after a saturation point. Due to these reasons,
all recent advancements in machine intelligence can be attributed to deep learning
algorithms. Deep learning algorithms are the fundamental technology behind voice
assistants like Siri [67] and Alexa [86]and are self-driving cars [70].
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2.2 Artificial Neural Networks

The simplest definition of an Artificial Neural Network (ANN), according to Dr
Robert Hecht-Nielsen, the inventor of the first neurocomputer, is “a computing sys-
tem made up of several simple, highly interconnected processing elements, which
process information by their dynamic state response to external inputs.” [87]

Artificial neural networks were initially created as a proof-of-concept attempt to
mimic biological neurons in the human brain. Therefore, just as the human brain
consists of biological neurons that process the electrical impulses received from ad-
joining neurons and transmit ahead, artificial neural networks consist of multiple
layers of nodes (also known as perceptrons) that process the multiple inputs it re-
ceives to produce the output. The output from this single node (or perceptron) can
be represented as the equation 2.1.

y=wx+b (2.1)

As it can be observed from the equation 2.1, the input data to the node is defined
as x. The input is received directly from the dataset the neural network is training
on or as an output from the previous node represented as y, ;. The output from
the network is represented as y which is the sum of weighted inputs represented as
w'x and the corrective bias b. The parameters weight w and the corrective bias b

are tunable, and the final values determine the performance of the overall network.
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Figure 2.5: Comparison between biological neurons and ANNs

The neural network represented in the figure 2.5 is an example of a feedforward
network. Feedforward networks are neural networks in which the connections be-
tween the nodes do not form a loop. Feedforward networks are considered one of the
simplest types of neural network architectures that are considered the quintessential
deep learning models [88]. As an example, convolutional neural networks (further
explained in the section 2.2.1) are a specific variety of feedforward neural networks
that are used for image data. Since there are no feedback connections in a feed-
forward network, feedforward networks are considered a stepping stone to recurrent
neural networks (further explained in section 2.2.2) that are used for time-series data.
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Minsky and Papert show that a single layer neural network cannot solve problems
in which the data is not linearly separable, such as the XOR problem [89]. Since
most of the data available today are highly unorganised and non-linearly separable,
adding one or more layers to the neural network would enable it to solve problems
in which data is non-linearly separable. Another reason for adding additional layers
is [90], according to which training a single layer neural network that represents
any function is highly difficult if not impossible. Hence, it is a common practice to
add additional layers to a neural network. The total number of layers in a neural
network defines the “depth” of the neural network.

2.2.1 Convolutional neural networks

Convolutional Neural Networks (CNN) are a class of neural networks mainly used
for processing visual data. Convolutional neural networks are frequently used for
image processing, object classification, and automatically processing and correlating
data with a known, grid-like topology [91]. Convolutional neural networks achieve
this by using a specialised linear mathematical operation called convolution, which
is represented as the equation 2.2.

Yy = X*W (2.2)

Similarly to the equation 2.1, the data to the node is defined as x and output from the
network is represented as y. The biggest difference is how the weight w, also known
as the kernel, is applied to the input x. Instead of applying the weights through
a general multiplication operation, the weights are applied through a convolution
operation that is defined as “computing the weighted average of a point of data by
its adjacent points of data” [88]. An example of a CNN applied on visual data can
be observed in the figure 2.6.
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Figure 2.6: An example of a CNN structure applied on visual data. The model
analyzes the image in patches through the layers and reduces those values down the
line to a classification layer that makes an estimation or a prediction.

2.2.2 Recurrent neural networks

Recurrent Neural Networks (RNN) are another class of neural networks that allow
previous outputs to be used as inputs while having hidden states. This property of
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recurrent neural networks allows it to process sequential or time-series data that is
typically represented as x!, x?, x3, ...x". Unlike feedforward neural networks such
as convolutional neural networks, where the inputs and outputs are independent, re-
current neural networks are characterised by their memory parameter, which allows
the recurrent neural network to acquire knowledge from prior inputs to modify the
current input and output. In other words, the output of the recurrent neural network
depends on the historical information in the sequence. Although recurrent neural
networks can process historical information, the network has difficulties accessing
information from long ago. Additionally, recurrent neural networks are computa-
tionally very slow. Due to these reasons, additional specialisations are needed in
recurrent neural networks to process long sequences. An example of a recurrent
neural network is represented in the figure 2.7.
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Figure 2.7: An example of how a simple RNN can be structured. The estimation
of the previous input is included in the estimation of the current input.

2.2.3 Graph neural networks

Graph Neural Networks (GNN) are a relatively newer class of neural networks that
leverage the structure and properties of graphs. Graphs are considered a specific
kind of data structure representing the relations (also known as edges) between a
collection of entities (also known as nodes). Deep learning models like convolutional
neural networks typically take rectangular or grid-like arrays as input. Therefore,
graphs are not straightforward to represent in a format that is compatible with
deep learning. One of the biggest challenges with graph data structures is the rep-
resentation of the connectivity between nodes. Once all the properties of graphs
are represented in a format compatible with deep learning models, graph neural
networks are used to perform an optimisable transformation of graph attributes
that preserve the graph symmetries. In other words, graph neural networks are a
class of neural networks that accept a graph as an input, with information loaded
into its nodes, edges and global context that progressively transform these embed-
dings without changing the connectivity of the input graph. [92] In recent years,
researchers across various disciplines have significantly increased research on graph
neural networks. An important reason for this is that graphs can be used to denote
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a large number of systems across various areas, including social science, natural
science, knowledge graphs and many other research areas [93]. As a unique non-
euclidean data structure for machine learning, graph neural networks focus on node
classification, link prediction, and clustering tasks.
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Figure 2.8: An example of a simple GNN

2.2.4 Activation function

In artificial neural networks, the activation function of a node represents the ac-
tivation pattern of the node. In other words, the activation function determines
whether a node would be active or inactive based on the sum of the weighted inputs
and the corrective bias to the node. A simple real-world example of an activation
function could be an electrical circuit that turns its output ON or OFF based on
the combination of inputs. The purpose of activation functions in a neuron is to
add non-linearity to the output of neurons. Since neural networks are essentially
a combination of nodes where the output of one node is the input to the other,
the activation functions get concatenated over time, eventually leading to a highly
nonlinear function, which, along with the neural network parameters, represent the
training data.

2.2.5 Forward propagation

In artificial neural networks, forward propagation refers to the operations that com-
pute the output of a neural network from the input data. In other words, forward
propagation processes the input data through each hidden layer to compute the final
output. Forward propagation is necessary for calculating the final value of network
parameters that minimise the loss function. This subsection provides a detailed
explanation of the forward propagation with a simple example.

Let us consider a simple example of a simple neural network with one input layer,
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one hidden layer and an output layer as represented in the figure 2.9. For simplicity,
let us also assume that the neural network does not include the corrective bias term.

Input Hidden Output
Layer Layer Layer

Figure 2.9: A simple neural network to explain forward propagation

When the input data is propagated through the first hidden layer, the intermediate
output is represented as the equation 2.3.

Zo = WX (2.3)

Based on the equation 2.3, it can be understood that the input data is represented
as X, the weights of the hidden layer are represented as w; and the intermediate
output of the hidden layer is represented as z5. On applying the activation function
f; on the intermediate output of the hidden layer, the activation output from the
hidden layer is represented as 2.4.

ay = fi(zy) (2.4)

Once the intermediate activation output from the hidden layer is propagated to the
output layer, the overall output of the neural network is represented as the equation
2.5.

Z3 — W2Ta2

y = fa(z3)
Where the weights of the output layer are represented as ws, intermediate output
of the output layer is represented as zs, activation function of the output layer is
represented as fy, and the output of the neural network is represented as y. This
process of calculating the neural network output from the input data is called forward
propagation. In addition to the overall output, forward propagation calculates the

overall loss of the neural network L, which is crucial to tune the overall parameters
of the network.

(2.5)

2.2.6 Backward propagation

In artificial neural networks, backward propagation refers to tuning the neural net-
work parameters based on the loss gradient calculated with respect to the network
parameters. In other words, backward propagation traverses the network in reverse
order, i.e., from the output layer to the input layer, to calculate the loss gradient
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and fine-tune the network parameters in a way that reduces the overall loss. In
the previous example of figure 2.9, we know that the output y is a function of the
intermediate output zs, which is then an intermediate output of the weights wo. In
this case, the gradient of output y with respect to the weights wy can be calculated
using the chain rule, which is represented in the equation 2.6.

0y (2 o) 20)
Where the prod operator is used for multiplying the arguments after necessary
operations such as transposition and swapping. For vectors, the prod operator is
simply matrix-matrix multiplication. The prod operator is used here to hide all the
notation overhead. Similar to the equation 2.6, the gradient of output y with respect
to the weights w; can be calculated using the chain rule, which is represented in the
equation 2.7.
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This process of calculating loss gradients with respect to overall network parameters
is known as backward propagation. Based on the values of these loss gradients
calculated in the backward propagation, the overall network parameters are updated
during training to reduce the overall loss.

2.2.7 Regularization

Regularisation refers to the various techniques that discourage learning complex neu-
ral network models, thus reducing the risk of overfitting the training data. This sub-
section describes the most prevalent and efficient regularisation techniques: weight
regularisation, batch normalisation, and dropout regularisation.

Weight regularization

Weight regularisation, also known as weight decay or ride regression, is one of the
most common regularisation techniques where the essential idea is to encourage sim-
pler models by penalising larger weights. During the weight regularisation, the loss
function of the neural network is extended by a so-called regularisation term. The
regularisation term can either be dependent on the sum of absolute values of the
weights, also known as L1 regularisation, or the sum of squared values of the weights,
also known as L2 regularisation. Since larger weights result in a more significant
penalty, the optimisation algorithm pushes the model to have smaller weights, thus
simplifying the model. The regularisation term is also scaled by the hyperparameter
«, determining how much regularisation is required for the model. The updated loss
functions based on L1 and L2 regularisation are represented as the equations 2.8
and 2.9 respectively.

Loss function with L1 regularisation:

20



2. Theoretical Background

L(w) = L(w) + a|lwl, = L(w) + o} |w (2.8)
Loss function with L2 regularisation:

. Q «

Dw) = Lw) + § Wl = Lw) + § X! (2.9

Batch normalization

Batch normalisation is another commonly used regularisation technique where the
neural networks are made faster and more stable by adding additional layers to
the neural network that performs the normalisation operation by recentering and
rescaling the inputs of a layer. Batch normalisation techniques are primarily used to
mitigate the problem of internal covariate shift, where the distribution of network
activations change due to change in network parameters during training [94]. In
other words, batch normalisation limits the distribution of inputs to a layer when
the parameters of the preceding layers change. These covariate shifts are highly
problematic with an increasing number of layers, resulting in a reduction in model
accuracies. Batch normalisation normalises a layer input by subtracting the batch
mean and dividing it by standard deviation. The normalisation ensures that the
layer inputs have a mean and standard deviation of 0 and 1, respectively, thereby
fixing the problem of internal covariate shift. However, the normalisation of layer
inputs also compromises the nonlinear relationship the neural network learns dur-
ing the training process. This reduction in non-linearity is mitigated by adding
additional trainable parameters that scale and shift the normalised values to accom-
modate the distribution of the input dataset.

Dropout regularisation

Dropout regularisation is another famous and powerful regularisation technique
where the key idea is to randomly drop nodes along with their connections from
the neural network during training [95]. During the training of neural networks
with dropout regularisation, multiple “thinned” networks are created with a unique
combination of nodes dropped randomly in the hidden layers. In other words, multi-
ple “thinned” neural networks are created based on probability hyperparameter P at
each update of the gradient. During testing, the approximate effect of averaging the
predictions from all the “thinned” neural networks is replicated by using one neu-
ral network with smaller weights. Therefore, dropout regularisation prevents nodes
from co-adapting too much to the dataset, thus, significantly reducing overfitting.

2.3 Evaluation of model
Assessing a machine learning model is as important as building it. Since machine
learning models are developed to perform on unseen data, a meticulous evaluation

is required to create a robust model. This section provides a brief description of
various evaluation metrics used to determine model performance.
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One of the most straightforward evaluation metrics is accuracy which determines
how many predictions are correct. The formula for accuracy is represented as the
equation (2.10).

Number of correct predictions

accuracy = (2.10)

Total number of predictions
Although accuracy is a straightforward metric, it can provide an unreliable assess-
ment with unbalanced datasets. For example, if the dataset containing two classes
comprising 95% samples from class A and 5% samples from class B, and the model
only correctly predict samples from class A, the model’s accuracy would be 95%,
which can be a highly misleading conclusion if samples from class B are of interest.

In the example mentioned above, additional insights like classwise accuracy could
have helped identify the inherent problems in the model. A confusion matrix is a
table that precisely does that. A confusion matrix does not evaluate the model’s
performance but provides further insights by displaying the number of correct and
incorrect predictions for each class. Therefore, for the example mentioned above,
the confusion matrix is a R?*? matrix represented as the figure (2.10).

Based on the number of True Positives (TP), False Negatives (FN), False Positives
(FP) and True Negatives (TN) estimated from the confusion matrix, additional
performance metrics like Precision and Recall can be calculated. Precision measures
the performance of the model when the prediction is positive. In other words,
Precision determines how many positive predictions are true [96]. Therefore, the
formula for Precision is represented as the equation (2.11).

TP
Precision = TP+ TP (2.11)

Another important metric that determines the performance of the model is Recall.
Recall, also known as sensitivity, measures the performance of the model while
predicting positives. In other words, Recall signifies how many actual positives are
identified correctly [96]. Therefore, the formula for Recall is represented as the
equation (2.12).

TP
= — 2.12
Recall TP + PN ( )

Both Precision and Recall must be calculated to determine the performance of the
model. However, it is essential to note that both Precision and Recall cannot be
maximised simultaneously as both metrics operate in a zero-sum game framework.
In other words, increasing Precision reduces Recall and vice-versa. Therefore, either
Precision or Recall can be maximised based on the task.

Another metric that can determine the model’s performance based on both Pre-

cision and Recall is the F1 score. F1 score provides a weighted average of Precision
and Recall. The formula for the F1 score is represented as the equation (2.13).
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Fl — 9 Precision - Recall

: — (2.13)
Precision + Recall

As it can be observed from the equation (2.13), the F1 score is the harmonic mean
of Precision and Recall. Since the F1 score combines both Precision and Recall, the
F1 score is an essential metric for imbalanced datasets as it requires both Precision
and Recall to have a reasonable value. Therefore, the highest possible value of an
F1l-score is 1, indicating perfect Precision and Recall, whereas a 0 indicates the value
of either Precision or Recall to be zero [97].
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Figure 2.10: Confusion matrix
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Methods

This chapter presents the methodology used to predict pedestrian intent. The organ-
isation of this chapter is as follows: section 3.1 presents the data extraction method
utilized for the available datasets, section 3.2 introduces the machine learning frame-
work used, 3.3 analyzes the novel architecture employed to predict pedestrian intent,
and section 3.4 illustrates the experimentation and benchmarking methodology.

3.1 Data extraction and pre-processing

The data extraction and pre-processing involve selecting an appropriate dataset and
extraction and pre-processing of required features.

3.1.1 Dataset selection

Since the pedestrian intent prediction problem has been a topic of active research,
various datasets are being continually developed to evaluate the performance of the
state of the art methods. Therefore, to measure the overall progress in solving
the problem, choosing a suitable dataset is critical. Presently, two high-quality
datasets are publicly available: JAAD and PIE. Both datasets were created to study
pedestrian intent but have a slightly different area of focus. This section provides
a brief introduction to both datasets and explains the reasoning behind the final
selection.

Joint attention in autonomous driving dataset

JAAD is a dataset for studying joint attention in the context of autonomous driving.
The focus is on pedestrian and driver behaviours at the crossing point and the factors
that influence them. To this end, the JAAD dataset provides a richly annotated
collection of 346 short video clips (5-10 sec long) extracted from over 240 hours
of driving footage. These videos filmed in North America and Eastern Europe
represent scenes typical for everyday urban driving in various weather conditions.
Bounding boxes with occlusion tags are provided for all pedestrians making this
dataset suitable for pedestrian detection. Behaviour annotations specify behaviours
for pedestrians that interact with or require the attention of the driver. Several
tags (e.g., weather and locations) and timestamped behaviour labels from a fixed
list (e.g., stopped, walking, and looking) are available for each video. Also, a list of
demographic attributes is provided for each pedestrian (e.g., age, gender, and the
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direction of motion), and a list of visible traffic scene elements (e.g., stop sign and
traffic signal) is provided for each frame [63].

Pedestrian intent estimation dataset

PIE is a relatively newer dataset for studying pedestrian behaviour in traffic. The
focus of the dataset is on intent estimation and trajectory prediction. To this end,
PIE contains over 6 hours of footage recorded in typical traffic scenes with an on-
board camera. The dataset also provides accurate vehicle information from the OBD
sensor (vehicle speed, heading direction, and GPS coordinates) synchronised with
video footage. Rich spatial and behavioural annotations are available for pedestrians
and vehicles that potentially interact with the ego-vehicle and the relevant infras-
tructure elements (traffic lights, signs, and zebra crossings). The dataset contains
over 300K labelled video frames with 1842 pedestrian samples making it one of the
most extensive publicly available datasets for studying pedestrian traffic. The PIE
dataset also contains 898 examples of people who intend to but do not cross, 512
pedestrians to cross who eventually cross in front of the vehicle, and 430 pedestrians
with no crossing intention [41].

Selection of Dataset

In order to select an appropriate dataset for the thesis, the decision-matrix method
was used to compare the datasets. The decision-matrix method or the Pugh analysis
is a technique that helps identify the most probable solution among all alternatives.
[98] The method refines a list of alternatives using a matrix-based process to weigh
and compare the approaches. Since comparing and evaluating alternatives can be
tedious, using a systematic approach like the Pugh analysis helps reduce bias from
the decision-making process and provide a consistent approach for selecting among
several concepts [99)].

In order to create the decision-matrix, the following steps were followed [98]:

1. Define evaluation criteria: Evaluation criteria are the parameters on which
the alternatives are compared.

2. Determine the significance of each criterion: Add weights to evaluation
criteria to signify the relative importance of each criterion.

3. Specify different approaches: Define different approaches to be compared.

4. Rate different approaches: For each criterion, rate each alternative +1 for
better, 0 for same, and -1 for worse.

5. Aggregate the scores: Calculate the weighted sum for each alternative.

6. Select the best alternative: Select the approach with the highest score.

Based on the steps mentioned above, the JAAD and the PIE datasets were com-
pared based on the ease of implementation, availability of resources, the number
of pedestrians, types of features and variance of the dataset. The overall table is
presented below:
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Decision-Matrix

# Criterion Weights JAAD PIE

1 Ease of implementation 2 +1 -1

2 Availability of resources 15 +1 -1

3 Number of pedestrians 5 -1 +1

4 Types of features 3 -1 +1

5) Variance of the dataset 5) -1 +1
Overall Score +4 -4

Table 3.1: Decision-matrix to select the appropriate dataset

Based on the overall score from the 3.1, the JAAD dataset was selected to predict
pedestrian intent.

3.1.2 Feature selection

Once the appropriate dataset is selected to predict pedestrian intent, it is crucial to
select the features used to predict pedestrian intent. The JAAD dataset provides
a large number of features for pedestrians that they divide into three categories as
represented in the table 3.2.

Categorisation of features available for pedestrians
# | Category Features
1 Pedestrian Behaviour Bounding Box, Occlusion, Action, Reaction,
Nod, Hand Gesture, Cross, Look
2 Pedestrian Appearance Pose, Clothes, Backpack, Bag, Object
3 | Pedestrian Attribute Age, Crossing, Crossing Point, Decision Point,
Group Size, Motion Direction

Table 3.2: Categorisation of features available for pedestrians in the JAAD dataset

As an initial approach, all the features available from the JAAD dataset for each
pedestrian was used to train the intent prediction model.

3.1.3 Cleaning the dataset

Since the JAAD dataset contains behaviour information only for a small subset
of all the annotated pedestrians available in the dataset, the dataset had to be
filtered to only consider the pedestrian with behavioural information. Therefore,
all pedestrians without behavioural information were removed from the original
dataset to train the intent prediction model. Additionally, videos that did not have
any pedestrians were also removed to clean the dataset further.

3.2 Machine learning framework

Once an appropriate dataset is selected and processed, selecting a suitable machine
learning framework is crucial to implement the solution. Presently, the three most
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popular open-source machine learning frameworks are Tensorflow, Keras and Py-
torch. This section provides a brief introduction to the different machine learning
frameworks and explains the reasoning behind the final selection.

Tensorflow is an end-to-end open-source framework for machine learning developed
by Google. Tensorflow has a broad ecosystem of tools, libraries, and community
resources that allows researchers and developers to develop state-of-the-art machine
learning applications [100]. Tensorflow is primarily based on dataflow and differ-
entiable programming and provides both high and low-level interfaces to develop
various machine learning applications. Although TensorFlow was initially devel-
oped to conduct machine learning research, the system is generic enough to apply
in a wide variety of other domains. Tensorflow provides stable interfaces in both
Python and C++ [101].

Keras is another open-source neural network framework developed by Google. Keras
provide a high-level interface written in Python that can run on top of Tensorflow,
CNTK, and Theano. Keras contains various implementations of commonly used
neural network building blocks such as neural network layers, optimisers, activation
functions, and a host of tools to make development with various data formats more
convenient to simplify the development of deep neural networks [102]. Keras has
gained favour for its ease of use and syntactic simplicity, facilitating fast develop-
ment. Keras also provides consistent interfaces, clear error messages, and thorough
documentation and developer guides [101].

Pytorch is another popular open-source machine learning framework that the Face-
book AI Research lab primarily develops. Pytorch accelerates the path from research
prototyping to production deployment as Pytorch enables fast, flexible experimenta-
tion and efficient production through a user-friendly front-end, distributed training,
and ecosystem of tools and libraries [103]. Although Pytorch was released much
later than Tensorflow, researchers are increasingly adopting PyTorch as their pre-
ferred framework because of its Pythonic interface and the ease of building highly
complex neural networks [101].

Since neither of the three frameworks is objectively better than the other, the
decision-matrix method was used to select the suitable framework based on ease
of usage, library support, training duration, flexibility and debugging capabilities.
The overall table is presented below:
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Decision-Matrix

# | Criterion Weights Keras Tensorflow | Pytorch
1 | Ease of usage 5 +1 0 0

2 Library support 10 0 0 +1

3 | Training Duration 3 -1 0 +1

4 | Flexibility D -1 -1 +1

) Debugging Capabilities 10 -1 -1 +1

Overall Score -13 -15 +28

Table 3.3: Decision-Matrix to select the appropriate machine learning framework

Based on the overall score from the 3.3, Pytorch was selected as the suitable machine
learning framework.

3.3 Novel architecture

In this section, we will define and motivate the general structure of our novel archi-
tecture. We present an overview of the structure in section 3.3.1 while the subsequent
sections will break down each part in more detail.

3.3.1 Architecture structure

As stated in the introduction, the goal of the thesis is to create an architecture that
would be as close as possible to real-world implementation, even if testing this is
not part of the scope of this thesis. Therefore, the thesis attempts to create an
architecture that reduces the gap between prototyping and production by proposing
an end-to-end network that adopts the real-world data pipeline.

Based on the literature survey for this master thesis, the scene graph parsing and
visual reasoning approach was considered the most appropriate approach for this
master thesis. Since we argue that pedestrian intent is primarily dependent on
context and interactions in the scene rather than implicit features, creating a spa-
tiotemporal model that captures intrinsic scene dynamics by encoding the sequence
of subtle human actions is crucial to this master thesis. One such model is the
[6], where pedestrian intent is predicted by parsing the scene graph and modelling
the spatiotemporal relationship between various objects in the scene. Although the
pedestrian intent prediction model developed by [6] is closest to our master thesis,
one of the most significant drawbacks with [6] is that the method is not developed
considering real-time processing of inputs. Since the goal of the thesis is to create a
model that would be as close to real-time processing as possible, the novel architec-
ture developed in this master thesis is an improvement upon the model developed
in [6] that adopts an end-to-end structure to process input videos in real-time. The
structure of the novel architecture is represented as the figure 3.1.
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Video — Scene Parser Transt:rtniation | Graph Creation [— Prediction —> C/NC/NA

Figure 3.1: Novel architecture proposed in this master thesis

3.3.2 Scene Parser

As it can be observed from the figure 3.1, a scene parser algorithm is used to parse
the input video frame to identify spatial information about various objects present
in the frame. The table 3.4 lists all the objects of interest that are considered by
the scene parser in our thesis.

Objects of interest for scene parser
# | Category Features
1 Vehicle Car, Bus, Bike, Motorbike, Cycle, and others
Road users Pedestrians

Table 3.4: Objects of interest for scene parser

Based on the table 3.4, an “off-the-shelf” YOLOv4-Deepsort algorithm was used as
the scene parser algorithm. A high confidence threshold of 0.8 and intersection-over-
union (IOU) threshold of 0.5 was used to reduce false positives. With the spatial
features for the objects collected from the scene parser, the spatial features are
combined with the behavioural, appearance and attribute features collected from the
JAAD dataset [63] to create the overall feature set. This comprehensive feature set is
then restructured to a frame-by-frame structure to make the feature set compatible
with the graph creation algorithm. Based on this restructured feature set, the
overall features are transformed into graphs by the graph creation algorithm and
fed to the novel prediction model before predicting pedestrian intent. The prediction
model is designed to process each graph frame sequentially to train the weights and
predict pedestrian intent. The model predicts crossing 15 frames, 30 frames and
45 frames in advance for each pedestrian, corresponding to 0.5 seconds, 1 second
and 1.5 seconds in advance. Sequentially connecting these algorithms emulates an
end-to-end architecture that attempts to reduce the gap between prototyping and
production.

3.3.3 Data transformation

Since the prediction model predicts pedestrian intent based on intrinsic scene dynam-
ics, encoding the spatiotemporal relationship between various objects in the scene
is crucial to this master thesis. Since the output from the scene parser algorithm is
incompatible with the graph creation algorithm, multiple data transformations are
necessary to model the spatiotemporal relationship between various objects in the
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scene and make the modelled scene dynamics compatible with the prediction model.
This section describes the various data transformations performed to make the out-
put of the scene parser algorithm compatible with the graph creation algorithm.

As mentioned in section 3.1.1, the JAAD dataset [63] provides a large number of
pedestrian attributes. However, the biggest drawback of the dataset is the structure
of the annotations. Instead of structuring the dataset as a frame-by-frame structure,
the annotations are structured as a pedestrian-focused structure. In other words,
the dataset follows the complete sequence of one pedestrian at a time, regardless of
the total number of pedestrians in the input video or frames at that time. Since
this thesis aims to create an end-to-end intent prediction model, restructuring the
dataset from a pedestrian-focused structure to a frame-by-frame structure becomes
an absolute necessity. A frame-by-frame structure allows the model to abstract any
implicit social relations or interactions between pedestrians to improve the predic-
tion. No pre-existing sorting algorithm that accomplishes the goal mentioned above
was found; a new algorithm was developed from scratch to achieve this goal. The
input to the algorithm is the object detections from the scene parser algorithm along
with the pedestrian features from the JAAD dataset [63]. The overall set of features
are then restructured to a frame-by-frame structure so that each frame of each video
would directly contain all the information available in sequence to allow for real-time
processing of information. A visual representation of the overall data transformation
process is represented as the figure 3.2.

—_

Dataset Pedestrian
Features
L Overall Restructure
Video — Scene Object Feature Set Restructure to d Feature
Parser Detections frame-by-frame Set
sequence

i

Figure 3.2: Visual representation of data transformation process

3.3.4 Graph frame creation

As mentioned in the previous sections, the prediction model is incompatible with
the restructured feature set generated by the data transformation algorithm. There-
fore, to model the spatiotemporal relationship between various objects in the scene,
the restructured “frame-by-frame” feature set is further translated to a sequence of
graph frames to be compatible with the prediction model. As the name suggests, a
graph frame models the spatial relationship between all objects and the pedestrians
present in the frame graphically. Therefore, a graph frame is essentially a graph
structure corresponding to a specific video frame. A visual representation of the
overall graph creation process is represented as the figure 3.3.

As it can be observed from the figure 3.3, each pedestrian or object parsed by the

scene parser is modelled as a graph node, whereas the graph edges are used to reflect
the spatial relationship between various objects in the graph frame. Furthermore,
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each graph frame is modelled using two types of node: Pedestrian node and object
node. Each pedestrian node is defined by its implicit features such as behaviour,
appearance and attribute, whereas an objects attribute defines the object nodes.
The vector representation of the pedestrian node and object node is represented as
the equation 3.1.

ped; = [x;"“ ymae  gmin. gmineoec, beh;  app; atti]
. . (3.1)

Since the graph frame encodes every information from the visual frame, the shape
of the graph frame may vary due to the varying number of objects in the scene. A
simple workaround was achieved by considering a static graph with a maximum of
fifty objects per frame to model the pedestrian intent.

Graph Frame Creation
(Scene Graph Parsing)

Video Frame Graph Frame

Figure 3.3: Visual representation of graph frame creation process: The graph
nodes represented in the graph frame represents a pedestrian or an object from the
visual frame whereas the edges represent the spatial relationship between the nodes

3.3.5 Prediction architecture

Once each graph frame corresponding to a particular video frame is constructed to
model the spatial relationship between various objects in the scene, the temporal
relationship between different frames is modelled using Graph Convolutional Long
Short-Term Memory (i.e., GCLSTMs). However, these temporal connections among
various objects across frames are not drawn directly from the graph frames. Instead,
abstracted information from Graph Convolution layers (i.e., GCONV) is first gener-
ated to model the temporal connections. To achieve this spatiotemporal modelling,
the prediction model performs graph convolution twice on each observed frame,
where the features for the nodes are used for modelling the temporal connections.
Lastly, the temporal connections are connected to classifier layers to classify the
pedestrian as crossing, not crossing, or not applicable. Interestingly, this classifier
layer was achieved with two variants: the first variant achieved the classifier layer
without the softmax function, and the second variant achieved the classifier layer
with the softmax layer. Different training methodologies were used to train these
variants to compare the performance of the prediction architectures. The overall
structure of the prediction model is represented as the figure 3.4.
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Figure 3.4: Overall prediction architecture

3.4 Experimentation and benchmarking

As the proposed architecture resembles an end-to-end structure, the first 264 videos
are used to train the model, whereas videos from 265 to 346 are used to test the
model. In addition to training and testing the novel architecture, this master the-
sis aims to measure the overall progress towards solving the pedestrian prediction
problem. The master thesis achieves this by investigating the performance of mul-
tiple baseline methods on the JAAD dataset. Since standard training and testing
procedures are crucial to evaluate the performance of baseline methods, a common
data split was utilised for training and testing other baseline models. In this mas-
ter thesis, the performance of the novel architecture was benchmarked against five
different models: the Fusion of Spatio-temporal Skeletons for Intention Prediction
model (FUSSI) [4], the Static model (Static) [104], the Stacked with multilevel Fu-
sion RNN model (SFRNN) [104], the Convolutional 3D model (C3D) [104], and the
Pedestrian Crossing Prediction with Attention model (PCPA) [104]. Out of the five
above mentioned models, only the FUSSI model [4] is an end-to-end model. Other
non-end-to-end models are trained and tested using a common standard but differ-
ent from the one used by the end-to-end models. The training parameters for all
the models are represented in the table 3.5.

Training Parameters

# | Models Dataset Batch | Loss | LR Optimiser | Epochs
1 Static [104] JAAD 32 BCE | 1le-6 | ADAM 5

2 | SFRNN [104] | JAAD 32 BCE | 1e-7 | ADAM 40

3 | C3D [104] JAAD 16 BCE | 5e-6 | ADAM 40

4 | PCPA [104] JAAD 8 BCE | 5e-5 | ADAM 20

5 | Novel (#1) JAAD 1 MSE | 1le-3 | ADAM 5

6 | Novel (#2) JAAD 1 NLL | le-3 | ADAM 5

Table 3.5: Experimental setup from training models
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Results and Discussion

This chapter presents the results from the novel intent prediction model developed
in this master thesis. The organisation of this chapter is as follows: section 4.1
presents the results from the novel intent prediction model, section 4.2 compares
the results from the novel intent prediction model with the baseline models, and
section 4.3 discusses the project outcome based on the research questions in section

1.4 and examines the significance of this master thesis.

4.1 Novel intent prediction model

The goal of this section is to analyse the results obtained from the novel intent
prediction model developed in this master thesis and discuss the project outcome
based on the research questions in section 1.4. The results are primarily analysed

on the effect of time-to-event on the accuracy of the model.
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Figure 4.1: Examples of intent prediction for crossing and not-crossing pedestrians
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Effect of time-to-event

Since the JAAD dataset has quite some variations in the time-to-event, figure 4.2
documents the variation of accuracy with changes in the time-to-event. Time-to-
event or the prediction length indicates how early the intent is predicted. For this
master thesis, the model’s accuracy is calculated at three different time-to-event or
prediction lengths: 0.5 seconds, 1 second and 1.5 seconds.The results are presented
in the figure 4.2.

Variation in accuracy with time-to-event
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Figure 4.2: Effect of time to event on accuracy of the novel intent prediction model

As it can be observed in the figure 4.2, the first variant of the proposed intent
prediction model achieves an accuracy of 49% while predicting pedestrian intent 0.5
seconds in advance, 46% while predicting pedestrian intent 1 second in advance,
and 45% while predicting pedestrian intent 1.5 seconds in advance. Similarly, the
second variant of the proposed intent prediction model achieves an accuracy of 51%
while predicting pedestrian intent 0.5 seconds in advance, 35% while predicting
pedestrian intent 1 second in advance, and 33% while predicting pedestrian intent
1.5 seconds in advance. At the same time, the accuracies of various baseline models
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can also be observed in the figure. Since most of the baseline methods were trained
to predict only 0.5 seconds in advance, it can be observed that there are no accuracy
metrics for baseline methods at 1 second and 1.5 seconds. Another interesting trend
observed in the figure is the drastic reduction in accuracy when the time-to-event
increases from 0.5 seconds to 1 second. On further analysis, this severe reduction
in accuracy metrics can be attributed to a lack of scene information. However, it
can also be observed that the accuracy remains relatively the same when the time-
to-event increases from 1 second to 1.5 seconds. On analysing this result further,
it was observed that most pedestrian crossing events are between 0.5 seconds to 1
second, which means that the crossing event is complete by 1.5 seconds, which the
model seems to be predicted well.

4.2 Comparison with baseline methods

This section aims to analyse the results obtained from benchmarking the novel intent
prediction model developed in this master thesis against the baseline models and
investigate the key characteristics that explain the differences in the performance
between the novel and baseline models.

Table 4.1 presents the results obtained from benchmarking the novel intent pre-
diction model developed in this master thesis against the baseline models. It can
be observed from the table 4.1 that the C3D model [104] has the best accuracy and
recall scores, whereas the FUSSI model has the best AUC, precision and F1 score
of all the methods. A high percentage of precision indicates that a high number of
positive predictions are true, whereas a high percentage of recall signifies how many
actual positives are identified correctly. In the case of the novel model, one of the
reasons for the lower precision and recall scores could be the simultaneous prediction
for multiple pedestrians. Unlike datasets based on complete crossing sequences, a
frame-by-frame dataset provides all the information in the frame, which means that
predictions for multiple pedestrian crossing simultaneously are expected.

Benchmarking of models
# | Model Accuracy | AUC F1 Precision | Recall
1 | FUSSI [4] 0.45 0.89 0.83 0.79 0.89
2 | Static [104] 0.59 0.52 0.71 0.63 0.82
3 | SFRNN [104] 0.51 0.45 0.63 0.61 0.64
4 | C3D [104] 0.61 0.51 0.75 0.63 0.91
5 | PCPA [104] 0.58 0.5 0.71 0.67 0.75
6 | Novel 0.51 - 0.39 0.33 0.49
Architecture (#2)

Table 4.1: Benchmarking results of the novel intent prediction model developed in
this master thesis against the baseline models

Additionally, since the information is provided frame-by-frame, the model only has
access to partial information at any given time. Another reason for the lower preci-
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sion and recall score could be the design of the proposed model. Since the complete
end-to-end architecture is used to test the videos, the performance of the scene
parser algorithm also influences the precision and recall values of the overall net-
work. Lastly, the lower precision and recall values could be caused due to the
method by which the novel prediction model predicts pedestrian intent. Since the
novel architecture is designed end-to-end, the model starts predicting pedestrian
intent even without processing the minimum number of graph frames required to
predict pedestrian intent accurately, resulting in a higher number of incorrect results
at the beginning, which could also decrease overall precision and recall scores.

Similar to the results obtained in the table 4.1, a comparison between the novel
intent prediction model developed in this master thesis and the baseline methods
were made to understand the key characteristics that explain the differences in per-
formances on the different methods. Table 4.1 presents the key difference between
the various methods.

Comparision between models
# | Model Category Observation| Observation| Prediction | Simultaneous
Endpoint | Length (s) | Length (s) | Prediction
1 | FUSSI [4] | Pedestrian | before 0.5 0.5 individual
Detection | event
and Track-
ing
2 Static Action complete 0.5 next frame | individual
[104] Prediction | sequence
3 | SFRNN Action before 0.5 2 individual
[104] Prediction | event
4 | C3D Action complete 0.5 next frame | individual
[104] Prediction | sequence
5 | PCPA Action complete 0.5 next frame | individual
[104] Prediction | sequence
6 | Novel Scene before 0.5 0.5/1/1.5 | multiple
Architec- | Graph event
ture Parsing
and Visual
Reasoning

Table 4.2: Comparison of characteristics between models

As it can be observed from the table 4.1, one of the critical differences between
the baseline methods and the novel method is the observation endpoint. Unlike
most other baseline models, which samples the complete crossing sequence data
to make a prediction, the novel architecture only considers the frames before the
event to make a prediction. Furthermore, it can also be observed that none of
the baseline methods is equipped to handle multiple pedestrians simultaneously,
which the novel architecture can handle. In addition, it can also be observed that
most baseline models are formulated as action prediction problems. At the same
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time, another striking difference can be observed between the input data. Most of
the models sample crossing sequence data, whereas the novel architecture and the
FUSSI [4] are the only two models that sample frame-by-frame data. This finding
aligns with the decisive characteristic considered while designing the novel model:
real-time processing of input data. Since the model does not need to wait for a
certain number of samples to predict pedestrian intent, the novel method would be
much faster than the baseline methods. However, since the novel method is based
on frame-to-frame inputs, it is more prone to failures. These trade-offs are common
while implementing a real-life application and must be resolved before implementing
the solution.

4.3 Discussions

Since the previous sections analyse the novel intent prediction model’s performance
compared to the baseline models, this section aims to reflect on the proposed model,
the ethical aspects associated with this problem, and the contribution of this master
thesis.

4.3.1 Model performance

The first variant of the proposed intent prediction model achieves an accuracy of
49% while predicting pedestrian intent 0.5 seconds in advance, 46% while predicting
pedestrian intent 1 second in advance, and 45% while predicting pedestrian intent 1.5
seconds in advance. Similarly, the second variant of the proposed intent prediction
model achieves an accuracy of 51% while predicting pedestrian intent 0.5 seconds
in advance, 35% while predicting pedestrian intent 1 second in advance, and 33%
while predicting pedestrian intent 1.5 seconds in advance. One of the significant
reasons for the lower accuracy scores is caused due to real-time processing of data.
The difference in processing speeds can be observed explicitly in table 4.3 where it
can be observed that the novel architecture is much faster than the FUSSI network
[4].

Model performance

# | Model Accuracy | AUC F1 Processing times
1 | FUSSI [4] 0.45 0.89 0.83 1 fps

2 | Static [104] 0.46 0.45 0.54 31 ped/sec

3 | SFRNN [104] 0.51 0.5 0.74 39 ped/sec

4 | C3D [104] 0.61 0.51 0.75 6.7 ped/sec

5 | PCPA [104] 0.58 0.5 0.71 6.4 ped/sec

6 Novel 0.51 - 0.39 6 fps

Architecture

Table 4.3: Comparison between model performances at 15 frames/0.5 seconds

There can be several reasons for this difference in processing speeds: The FUSSI
network [4] processes image data over the complete prediction pipeline, whereas
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the novel architecture converts the image data into graphs before predicting the
pedestrian intent. Furthermore, the FUSSI network [4] requires pose estimation
for at least 15 frames (corresponding to 0.5 seconds) before predicting pedestrian
intent. On the other hand, the novel architecture uses the scene dynamics coded as
graphs to predict pedestrian intent. Additionally, it can also be observed that the
other models predict pedestrian intent based on sequence data rather than frame-
by-frame data. Therefore, the processing speeds are measured in pedestrians per
second rather than frames per second.

4.3.2 Difficulties

One of the most significant limiting factors of this thesis work was the input dataset.
Adopting the JAAD dataset [63] for this master thesis was motivated more by the
hardware resources available to process the dataset rather than the dataset’s con-
tents. This choice proved to be severely restricting while training the model. The
JAAD dataset did have a high number of attributes. However, the number of
pedestrians containing all the attributes was few, and the dataset was severely bi-
ased towards crossing pedestrians. On analysing the results further, it was found
that the model was biased despite reweighing the sample classes, causing the model
accuracy to be moderate.

Another challenge that forced us to change our approach was the lack of ground
truth data for pose estimation. The pedestrian intent prediction problem has been
a topic of active research, and most approaches have utilised a combination of in-
trinsic pedestrian features such as pose and another feature choice to tackle this
problem. To achieve this, most of the methods have hand-annotated the ground
truth for pose estimation, but none of these ground truths was publically available.
Therefore, not applying the pose estimation data also restrained the accuracy of the
model.

Lastly, the problem that complicated the thesis was making the network end-to-
end with total online processing of inputs. A genuinely end-to-end network that
processes the inputs online would process it according to time. Therefore, we were
surprised that most available models do not predict intent based on incomplete
inputs as they appear in real-time but predict using complete crossing sequence af-
ter saving complete sequences. Due to this, every publically available dataset was
designed on complete sequences rather than frame-by-frame values. Since the mo-
tivation of our model was to bridge the gap to deployment, the proposed neural
network processes the inputs frame-by-frame, as they would appear in real-time.
The thesis had to redesign the input dataset as none of the publicly available mod-
els provided frame-by-frame information. Since this redesigned dataset was adopted
for training the network, the redesigned dataset could have contributed to the lower
accuracy scores. One of the most important reasons for this could be the simulta-
neous prediction for multiple pedestrians. Unlike datasets based on complete cross-
ing sequences, a frame-by-frame dataset provides all the information in the frame,
which means that predictions for multiple pedestrian crossing simultaneously are
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expected. Ideally, models handing frame-by-frame information must be designed to
handle dynamic inputs. However, this thesis works around that problem by setting
a maximum number of pedestrians that the model can predict at any time instance.
Another reason for the lower accuracy scores could be the design of the proposed
model. Since the complete end-to-end architecture is used to test the videos, the
scene parser algorithm’s performance could also negatively influence the accuracy
scores of the overall network. Another reason for the lower accuracy scores could
be the prediction method itself. Since the novel architecture is designed end-to-end,
the model starts predicting pedestrian intent even without processing the minimum
number of graph frames required to predict pedestrian intent accurately, resulting
in a higher number of incorrect results at the beginning, which could also decrease
the overall accuracy scores. Having a complicated design proved highly challenging
for this thesis.

4.3.3 Ethical Aspects

One of the potential ethical issues that could arise from implementing the pedes-
trian intent prediction model on real-world data could be a breach of privacy for
individuals. Since people are unaware of the video data being collected while cross-
ing the road, a potential breach of privacy for individuals who do not want their
information revealed could be an issue. Since deep learning models that could po-
tentially save lives, like the pedestrian intent prediction model, would be required
to be constantly improved even after deployment to cover all types of edge cases,
accumulating real-world data to improve the model, a common practice within the
deep learning community, could further exacerbate the issue.

Since deep learning models like pedestrian intent prediction models contributes to
the UN Sustainability Goal number eleven, which ensures that cities and human
settlements are inclusive, safe, resilient, and sustainable, issues like privacy pos-
sess a much bigger question regarding the approach towards machine intelligence.
Should humanity opt for a more precautionary approach where no new technology
should be adopted until proved safe, or should humanity opt for a more utilitarian
approach, where one can argue that the safety of a larger group of people outweighs
the privacy concerns for a smaller group of people. Ethical questions like the one
mentioned above would be needed to be answered first before deploying any deep
learning models like the pedestrian intent prediction model in the real world.

In this master thesis, since the pedestrian intent prediction models are based on
the publically available dataset, such ethical issues do not exist as the data is col-
lected considering these ethical issues.

4.3.4 Contribution

Although pedestrian intent prediction has been a topic of active results, resulting
in many new algorithmic solutions and benchmarking datasets, real-time processing
of pedestrian intent prediction based on scene graph parsing and visual reasoning
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does not appear to be done. Most of the existing methods seem to process the
data offline, which results in better outcomes, but cannot be for practical use cases.
The most famous pedestrian intent prediction approach comprises a detector-tracker
model, where an object detector and tracking algorithm followed by a classifier is
used to detect pedestrian intent. Other approaches include trajectory prediction
and action prediction, where the former is typically suited for a top-down static
view of the scene, whereas the latter is generic to handle all use cases. However,
newer approaches like action prediction and visual reasoning algorithms have yielded
better results; the contribution of a thesis like ours advances the understanding of
modern deep learning algorithms.
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Conclusion and Future Work

This chapter presents the conclusion for the master thesis and examines the future
work. The organisation of this chapter is as follows: section 5.1 presents the con-
clusion for the master thesis, and section 5.2 examines the challenges faced during
the master thesis and the corresponding future work.

5.1 Conclusion

This thesis explores the various factors that can help predict pedestrian intent. A
pedestrian intent prediction model is developed using video data with pedestrian
behaviour, appearance, and attribute as inputs by modelling pedestrian intent on
context, interactions and scene dynamics rather than implicit pedestrian features.
The model is achieved through an object detector-tracker algorithm like YOLOv4-
Deepsort, graph convolutional networks and graph convolutional recurrent networks.
The first variant of the proposed intent prediction model achieves an accuracy of
49% while predicting pedestrian intent 0.5 seconds in advance, 46% while predicting
pedestrian intent 1 second in advance, and 45% while predicting pedestrian intent
1.5 seconds in advance. Similarly, the second variant of the proposed intent pre-
diction model achieves an accuracy of 51% while predicting pedestrian intent 0.5
seconds in advance, 35% while predicting pedestrian intent 1 second in advance,
and 33% while predicting pedestrian intent 1.5 seconds in advance.

The lower accuracy is caused due to a combination of multiple reasons such as
real-time processing of data, simultaneous predictions for multiple pedestrians, the
performance of the scene parser algorithm, and premature prediction of pedestrian
intent due to the inherent design of the network. Since pedestrian intent prediction
has been a topic of active research, this master thesis aims to advance the overall
progress in solving the intent prediction problem by developing an algorithm focus-
ing on real-time data processing. The spatial relationship between various objects in
the scene carries a solid connection to pedestrian intent, indicating that environment
and intrinsic scene dynamics significantly affect pedestrian intent. Alternatively, it
could be due to the dataset being biased. Nevertheless, further algorithmic solu-
tions and more complicated benchmarking datasets must be developed to simulate
real-life use cases and solve the intent prediction problem.
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5.2 Future Work

Since the JAAD dataset had a limited number of pedestrians containing all the fea-
tures, the model proved biased towards samples. Therefore, to improve the model’s
generality, the model can be trained on more complex publically available datasets
like PIE [41]. In addition to the dataset, intrinsic features such as pose can be in-
cluded using OpenPose. Although using an off-the-shelf algorithm to calculate pose
would not be as accurate as having pose annotations, it could be attempted in the
future to improve intent prediction.

Additionally, this thesis attempts to implement an end-to-end network that reduces
the gap between prototyping and production. Although the thesis could not imple-
ment a perfect end-to-end network with total online processing of inputs, the same
could be attempted in the future to bridge the gap to deployment.

Another approach that could be attempted in the future is the development of
a generic algorithm to restructure existing datasets to provide frame-by-frame in-
formation. Since the algorithm developed to restructure the JAAD dataset was
tailor-made for our use case, a generic algorithm can be developed to redesign all
future datasets. Lastly, since a frame-by-frame dataset provides all the information
in the frame, handling of dynamic inputs to simultaneously predict multiple pedes-
trians in a frame can be attempted in the future.

In conclusion, although this thesis attempts to bring real-time intent prediction

algorithms closer to deployment, much work needs to be done to solve this problem
in real-world environments.
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