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Abstract

The eighth most common cause of death and the top cause of death for people aged
5-29 are traffic accidents. Automated vehicles and driver-assistance systems have emerged
as a promising alternative to lower the number of fatalities in traffic accidents and provide
a safer and more effective transportation system. Accurate driver maneuver prediction in a
dynamic traffic scene remains a difficult topic due to its complexity, despite the considerable
attention of researchers and industry. Driver maneuver prediction is a technique used by
advanced driving assistance systems (ADAS) systems to give the driver early warnings and
help. For instance, the system can inform the user if the driver is about to make a lane
change without indicating. This project deals with accurately predicting the maneuver of
the driver with the help of a deep learning model that utilizes feature fusion from various
data. The dataset is simulated from the Car Learning to Act simulator (CARLA) from which
driver face video, road video, and data from 12 sensors of the car are logged at 20 Hertz. The
model incorporates U-shaped encoder-decoder network architecture (UNET) trained with the
DRI(EYE)VE dataset to gauge the points of attention of the driver which is then used to
extract the points of interest from the road video. A face landmark model is also incorporated
by the model to retrieve essential features from the driver face video. These three features
are fused and are fed into an long short term memory (LSTM) model for contextual learning
and finally, the maneuver at a certain time ahead is classified. Experimental results have
shown that the feature fusion model obtained an accuracy of 80.19%, an overall precision of
87.93%, an overall recall of 87.95%, and an F1 score of 87.80%.
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Chapter 1

Introduction

Road crashes are the 8th leading cause of death and the biggest killer of those aged 5-29[1].
To reduce road crash fatalities and have a safer and more efficient transportation system, au-
tomated vehicles and driver-assistance systems have become a promising solution. Despite
the substantial attention of researchers and industry, accurate driver maneuver prediction
in a dynamic traffic scene remains a challenging problem due to its complex nature. Driver
maneuver prediction is an exciting field that has a lot of potential to improve road safety and
traffic flow. By accurately predicting a driver’s next move, we can identify potentially dan-
gerous situations and alert the driver or autonomous vehicles to take preventive measures.
This can significantly reduce the risk of accidents on the road.

Moreover, predicting driver maneuvers can also assist in developing better driver as-
sistance systems that can provide proactive support to the driver and improve the overall
driving experience. It can also help in planning efficient routes for autonomous vehicles
or fleet management systems, resulting in reduced fuel consumption and better operational
efficiency.

Real-time feedback provided to the driver based on the prediction can encourage safer and
more efficient driving practices. Moreover, advanced driver assistance systems (ADAS) can
use driver maneuver prediction to provide advanced warnings and assistance to the driver.
For example, the system can detect if the driver is about to change lanes without signaling
and provide an alert.

Predicting driver maneuvers can also enhance the features of various automotive tech-
nologies such as automatic gears, turn signals, anti-lock braking system, etc. Companies
that manage large fleets of vehicles can also benefit from driver maneuver prediction by
monitoring driver behavior and identifying potentially unsafe driving patterns. This can
help in developing targeted driver training programs and reduce the risk of accidents.

Overall, driver maneuver prediction is a promising field that can revolutionize the way
we drive and ensure a safer and more efficient future on the roads.

Although many strategies have been put out, there are still some research gaps that must
be filled. The requirement for more varied and accurate datasets that can record a variety
of driving scenarios, road conditions, and driver behaviour is one of the main problems. The
creation and assessment of more reliable and accurate prediction models is hampered by
the paucity of such datasets. In order to increase the precision of manoeuvre prediction,
additional study is required on the integration of multimodal sensor data, such as camera,
LiDAR, and radar. The creation of explicable models that can shed light on the prediction
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system’s decision-making process is another area that needs further research. This might
improve the dependability and trustworthiness of automated driving systems. This work
focuses on predicting the maneuver of the driver seconds before they make the choice in real
time. Hence a novel method based on deep learning is proposed to infer the direction of the
driver’s maneuver seconds before he makes the prediction using the road scenes, driver face
scenes and sensor readings from the vehicle.

1.1 Objectives

• To develop a deep learning model that predicts driver maneuvers from road video,
driver face video and vehicle sensor data.

• To integrate the model in real-time ADAS system which would process the data and
provide the necessary feedback to the vehicle’s control system.

1.2 Organization of the report

The remainder of this report is organized into the following chapters: Chapter 2 reviews
different traditional and deep learning techniques for driver maneuver detection. Chapter 3
includes the theoretical backgrounds of the various algorithms used in this project. Chapter
4 includes Methodology and details about various deep learning models used in the project.
Detailed implementation framework described in Chapter 5. The experimental results are
discussed in Chapter 6. Conclusions and possible future works of this study is presented in
Chapter 7.
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Chapter 2

Literature Review

In this section, several studies of driver maneuver prediction and trajectory prediction using
deep learning and other techniques are discussed.

Ou et al.[1] proposed a recurrent neural network (RNN) algorithm that utilises both the
road scene videos and driver face cam videos to make predictions about the next frames
of the sequence. The RNN is able to fuse the information regarding driver observation ac-
tions and the driving environment. With new data labeling methods and effective sequential
modelling approaches, the system is able to predict with high accuracy driving maneuvers
shortly before the actual steering operations. The simulated database includes 700 maneu-
vers containing 274 lane changes, 131 turns, and 295 randomly sampled instances of going
straight. Several cars were used for data collection in driving experiments, so the camera
positions vary among samples. The dataset is annotated at the starting times when the cars
touch lane marks (for lane change maneuvers) or cars start yaw (for turn maneuvers) and
the ending times of steering actions.
Peng et al.[2] proposed a Driving Maneuver Early Detection (DMED) model that contains
three major computational components, distance based representation of driving context,
combined vehicle trajectory features and visual features, and a Long Short-Term Memory
(LSTM)-based neural network that captures temporal dependencies of driving maneuvers.
In addition to a general task, i.e. training a model to detect driving maneuvers based on
partially observed evidence of maneuver events, the performance of the model was also eval-
uated on detecting driving maneuvers based on driving context observed ahead of the time
of the driving maneuvers. The limitation of this work is that the performance of the pro-
posed DMED model is not evaluated on different traffic scenarios respectively. Since the
patterns of GPS noise and traffic objects could change significantly from one traffic scenario
to another, it will be interesting to demonstrate the performance of the proposed model on
different traffic scenarios.

Mahajan et al.[3] constructed a two-step prediction process from raw data observa-
tions: Initially, an unsupervised method is used for learning driving intentions in relation to
lane keeping or lane changing, and the results are used for labeling the raw measurements.
The labeled data then act as input for the prediction of lane driving intention using a deep
learning model. The purpose is to develop a data-driven method, which is not concerned
with manual labeling of data. This study bridges the gap in the literature by demonstrating
that only with lateral movement data in relation to velocity and acceleration it is possible
to distinguish whether a vehicle will carry out a lane change or not. The developed LSTM
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model for predicting maneuvers over trajectories from different highway locations shows a
significant performance and can detect lane change at least 3 s before the vehicle crosses
the lane markings. The data recorded were obtained from a short highway segment, which
consequently limits the number and nature of the identified maneuvers.

Martin et al.[4] developed a model that employs a machine vision-based framework to
classify driver’s gaze into context rich zones of interest and model driver’s gaze behavior by
representing gaze dynamics over a time period using gaze accumulation, glance duration,
and glance frequencies. The model features three major aspects: one is the spatio-temporal
features to represent the gaze dynamics, second is in defining the model as the average of
the observed instances, third is in the design of the metric for estimating fitness of model.
The spatio-temporal feature descriptor composed of gaze accumulation, glance duration and
glance frequency are powerful tools to capture the essence of recurring driver gaze dynamics.
The study shows that condensing gaze dynamics into durations and frequencies leads to
recurring patterns based on driver activities. Furthermore, modelling these patterns show
predictive powers in maneuver detection up to a few hundred milliseconds a priori.

Castignani et al.[5] developed a model utilizes sensor data obtained from smartphone
placed in the vehicle. This data is used to create a multivariate normal representation using
maximum likelihood estimator. The models trains and predicts in real time. Rather than
detecting maneuvers based on fixed thresholds or supervised learning methods requiring
labelled driving data, the system allows the driver style to be dynamically fitted in a mul-
tivariate Gaussian model that is frequently updated in order to adapt to changing driving
conditions. The model is implemented and deployed in a mobile application and have col-
lected driving traces from more than 4,800 users. The results confirm that the model adapts
well to different road conditions and device types. The main advantage of such a system is
that the model is computed for each individual mobile device, vehicle and driver, avoiding
any dependency on a priori training data.

Khairdoost et al.[6] developed a deep learning method based on Long Short-Term Mem-
ory (LSTM) which utilizes data on the driver’s gaze and head position as well as vehicle
dynamics data. They applied this approach on real data collected during drives in an urban
environment in an instrumented vehicle. In comparison with previous input output hidden
markov model (IOHMM) techniques that predicted three maneuvers including left/right
turns and driving straight, their prediction model is able to anticipate two more maneuvers.

2.1 Summary

The works mentioned propose different approaches for predicting driving maneuvers using
various techniques such as recurrent neural networks, machine vision-based frameworks, and
deep learning methods. Some of the proposed models utilize both road scene videos and
driver face cam videos to make predictions, while others use sensor data obtained from
smartphones or data on the driver’s gaze and head position as well as vehicle dynamics data.
The proposed models aim to detect driving maneuvers based on partially observed evidence of
maneuver events or the driving context observed ahead of the time of the driving maneuvers.
The main advantage of some models is that they adapt well to different road conditions and
device types, while others show significant performance in predicting maneuvers up to a few
hundred milliseconds prior.
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2.2 Research gap

Overall, these studies show significant advancements in the development of deep learning-
based models for maneuver detection in driving scenarios. However, there are still some
research gaps that need to be addressed.

• Most of the studies have been evaluated on a limited set of driving scenarios, and there
is a need to assess the generalization of the models to different traffic conditions and
environments.

• The models proposed in these studies mainly rely on camera and sensor data, and there
is a need to investigate the integration of other sources of information such as GPS,
traffic information, and weather conditions.

• Most of the studies focus on detecting maneuvers such as lane changes and turns, and
there is a need to explore the detection of more complex maneuvers such as merging
and overtaking.

• There is a need to evaluate the real-world feasibility of these models, including their
computational efficiency, scalability, and compatibility with existing driving assistance
systems.

Centre for Artificial Intelligence Page 5



Chapter 3

Theoretical Background of the
Algorithms

This chapter presents information on the background for the research presented in this thesis.
It introduces the concepts and technologies relevant to the applications of driver maneuver
prediction system. These include description of deep learning methods such as long short
term memory (LSTM), convolutional neural networks (CNN), and feature fusion techniques.
This is followed by explanation of data extraction and synchronization techniques used in
advanced driver assistance systems (ADAS) such as robot operating system (ROS) and eye
tracking technology.

3.1 Long Short Term Memory

Long Short-Term Memory (LSTM) is an artificial neural network architecture developed
to tackle the shortcomings of Recurrent Neural Networks (RNNs) in processing sequential
data. Hochreiter and Schmidhuber [7] first introduced LSTM in 1997, and since then, it
has become a popular model for sequence prediction tasks such as speech recognition and
natural language processing. The primary challenge with traditional RNNs is the vanishing
gradient problem, which makes it difficult to learn long-term dependencies. LSTM networks
overcome this problem by incorporating a memory cell that can selectively forget or update
information over an extended period. Figure 3.1 illustrates an LSTM unit.

Figure 3.1: Structure of an LSTM unit [8]
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An LSTM cell consists of three gates and a memory cell that control the flow of infor-
mation. The forget gate determines which information to discard, the input gate decides
what information to update, while the output gate determines what information to output.
LSTM cells can be stacked to create a deep LSTM network that processes complex sequen-
tial data effectively. Training an LSTM network involves computing gradients of the loss
function with respect to the network parameters using an optimization algorithm such as
stochastic gradient descent. In conclusion, LSTM is a powerful neural network architecture
for processing sequential data that has demonstrated success in various sequence prediction
tasks and is widely used in industry and academia.

3.2 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a type of artificial neural network that are
commonly used for image recognition, computer vision, and natural language processing
tasks. CNNs are inspired by the structure of the human visual cortex and use a combination
of convolutional layers and pooling layers to learn hierarchical representations of input data.

The main building block of a CNN is the convolutional layer, which applies a set of filters
to the input data to extract local features. Each filter is a small matrix that slides over
the input data, performing element-wise multiplication and summation at each position to
produce a feature map. By stacking multiple convolutional layers on top of each other, the
network can learn increasingly abstract representations of the input data.

In addition to convolutional layers, CNNs also use pooling layers to downsample the
feature maps and reduce the dimensionality of the input. Pooling can be performed using
various methods, such as max pooling, which selects the maximum value within a window, or
average pooling, which computes the average value within a window. Figure 3.2 illustrates
an example of 2D convolution.

Figure 3.2: A visual representation of a convolutional layer [9]

One advantage of CNNs over other types of neural networks is their ability to learn
translation-invariant features. This means that the same features can be detected regardless
of their position within the image, making CNNs robust to small variations and transfor-
mations in the input data. Another advantage is their ability to learn spatial hierarchies of
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features, which allows them to capture complex patterns and relationships in the input data.
Training a CNN involves computing the gradients of a loss function with respect to the

network parameters and updating them using an optimization algorithm such as stochastic
gradient descent. The gradients are computed using the backpropagation algorithm, which
involves propagating the error through the network and updating the weights in the opposite
direction of the gradient.

CNNs have achieved state-of-the-art results in many computer vision tasks, including
image classification, object detection, and image segmentation. They have also been applied
to natural language processing tasks such as sentiment analysis and text classification.

In conclusion, Convolutional Neural Networks (CNNs) are a powerful type of neural net-
work that use convolutional layers and pooling layers to learn hierarchical representations of
input data. CNNs have achieved significant success in a variety of computer vision and nat-
ural language processing tasks, and their ability to learn translation-invariant and spatially
hierarchical features make them an important tool for many applications.

3.3 Feature Fusion Techniques

Feature fusion is the process of combining different types of features from multiple sources
to enhance the performance of machine learning models[10]. Feature fusion techniques have
been widely used in computer vision, speech recognition, and natural language processing
tasks, where multiple modalities of input data are available, as shown in Figure 3.3.

Figure 3.3: Concatenation of vectors of varying modalities into a single vector[11]

One common technique for feature fusion is early fusion, where the features from different
sources are concatenated together and fed as input to the model. For example, in image
recognition tasks, early fusion can be used to combine color and texture features from an
image. This approach is straightforward and easy to implement, but it may not always be
effective if the different feature types have different scales or distributions.

Another technique for feature fusion is late fusion, where the features from each source
are processed separately, and the outputs are combined at a later stage. For example, in
speech recognition tasks, late fusion can be used to combine features extracted from different

Centre for Artificial Intelligence Page 8
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frequency bands. This approach allows for more flexibility in the modeling process and can
better handle feature variations across sources.

A third technique for feature fusion is attention-based fusion, where the model learns to
dynamically weight the contributions of each feature source based on their relevance to the
task at hand. Attention mechanisms have been widely used in natural language processing
tasks, where the model must attend to different parts of the input sequence to make accurate
predictions.

Recently, deep learning techniques such as neural architecture search and transfer learning
have also been used for feature fusion. Neural architecture search can automatically discover
optimal architectures for combining features from different sources, while transfer learning
can leverage pre-trained models to extract features from one modality and use them as input
to another modality.

Feature fusion techniques have been successfully applied in a variety of tasks such as
image recognition, speech recognition, and natural language processing. They can help to
capture more informative representations of the input data, reduce the impact of noise and
outliers, and improve the overall performance of machine learning models.

3.4 Robot Operating System

Robot Operating System (ROS) is an open-source robotics middleware suite that provides a
set of tools and libraries to develop and operate robotic systems [12]. It was first developed
by Willow Garage in 2007 and is now maintained by the Open Robotics organization. ROS
has become one of the most widely used platforms for developing robotics applications and
has a large and active community of developers.

At its core, ROS is a set of software libraries and tools that provide a communication
infrastructure between different components of a robotic system. These components can
be sensors, actuators, controllers, or any other module that makes up the robotic system.
ROS provides a way for these components to communicate with each other, share data, and
coordinate their actions.

Figure 3.4 illustrates the ROS bridge connections between CARLA and the database.
One of the key features of ROS is its support for distributed computing. A ROS system can
be composed of multiple nodes running on different machines, each responsible for a specific
task. These nodes can communicate with each other using a publish-subscribe messaging
system, where nodes can publish data to a topic and other nodes can subscribe to that
topic to receive the data. This allows for a highly modular and flexible architecture, where
different nodes can be added or removed from the system as needed.

ROS also provides a set of tools for visualization, simulation, and debugging of robotic
systems. For example, RViz is a 3D visualization tool that allows users to visualize the
sensor data, robot models, and other objects in the environment. Gazebo is a physics-based
simulator that allows users to test their robotic systems in a virtual environment before
deploying them on a physical robot.

Centre for Artificial Intelligence Page 9
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Figure 3.4: Framework of ROS used to synchronize dataflow from CARLA simulator[13]

ROS has been used in a wide range of robotics applications, from industrial automation
to service robots and research platforms. It has become a de facto standard in many areas of
robotics and has a large and active community of developers contributing to its development
and maintenance. ROS also supports a wide range of programming languages, including
C++, Python, and Java, making it accessible to developers with different backgrounds and
expertise.

3.5 Driver eye tracking

Driver eye tracking is the process of monitoring a driver’s eye movements and gaze behavior
while driving a vehicle. This technology has the potential to enhance driver safety by detect-
ing driver drowsiness, distraction, and other dangerous driving behaviors [14]. Eye tracking
is a non-intrusive method of monitoring driver behavior, as it does not require the driver to
wear any additional equipment or sensors.

Driver eye tracking systems use cameras and image processing techniques to detect and
track the driver’s eye movements and gaze behavior. These systems typically use infrared
cameras that can operate in low-light conditions, allowing them to track eye movements even
in the dark. The cameras capture images of the driver’s eyes, which are then analyzed by
the system to determine the direction of gaze and the duration of eye fixations.

One of the primary applications of driver eye tracking is detecting driver drowsiness.
Drowsy driving is a major safety concern, as it can lead to accidents and fatalities. Driver
eye tracking systems can detect signs of drowsiness, such as prolonged eye closures, changes
in eye movements, and reduced blink rates. When drowsiness is detected, the system can
issue alerts to the driver, such as audible warnings or vibrations, to alert the driver to take a
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break or pull over. Figure 3.5 shows how the driver’s eye attention heatmap is plotted over
the road scene video frame.

Figure 3.5: Example of eye attention data obtained from eye tracking equipment[13]

Driver eye tracking can also be used to detect driver distraction. Distraction is a common
cause of accidents, and can occur when the driver is using a mobile device, adjusting the
radio, or engaging in other non-driving activities. Driver eye tracking systems can detect
when the driver’s gaze is directed away from the road for an extended period of time, and
issue alerts to encourage the driver to focus on the road.

Another application of driver eye tracking is monitoring driver behavior in autonomous
vehicles. As autonomous vehicles become more prevalent, it will become increasingly impor-
tant to monitor the driver’s attention and readiness to take control of the vehicle. Driver
eye tracking systems can detect when the driver’s attention is not focused on the road, and
issue alerts to prompt the driver to take control of the vehicle.

Driver eye tracking has the potential to improve driver safety and reduce accidents on the
road. However, there are also privacy concerns associated with the use of this technology.
It is important to ensure that driver eye tracking systems are used responsibly and with
appropriate safeguards in place to protect the privacy of drivers.
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Chapter 4

Methodology

This chapter describes the detailed methodology of the driver maneuver prediction technique.

4.1 Car Learning to Act (CARLA)

CARLA (Car Learning to Act) is an open-source simulator for autonomous driving research
that was developed by the Robotics and Perception Group at the University of Torino,
Italy. It provides a high-fidelity, realistic environment for testing and developing autonomous
driving systems, allowing researchers to validate their algorithms in a safe and controlled
environment before deploying them on real-world vehicles [15].

One of the key features of CARLA is its high level of realism, which is achieved through
the use of detailed 3D graphics, realistic physics simulations, and accurate representations
of the road network and surrounding environment. This allows researchers to test their
algorithms in a variety of scenarios, including urban and rural environments, highways, and
even off-road terrain. Figure 4.1 represents the overall layout of the CARLA simulator.

Figure 4.1: CARLA simulator system architecture pipeline [16]
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CARLA also provides a flexible and extensible platform for developing and testing a wide
range of autonomous driving algorithms, from perception and localization to planning and
control. It supports a variety of sensor modalities, including lidar, radar, and cameras, as
well as communication protocols such as ROS and MQTT.

In addition to its simulation capabilities, CARLA also provides a suite of tools for data
analysis and visualization, including a built-in recorder for collecting sensor data, a replay
system for replaying recorded scenarios, and a Python API for interacting with the simulator
and analyzing data.

The CARLA simulator has been used in a wide range of research projects, including per-
ception and control algorithms for autonomous vehicles, pedestrian detection and tracking,
and even urban planning and traffic management. Its high level of realism and flexibility
make it a valuable tool for both academic and industry researchers in the field of autonomous
driving.

Some advantages of using CARLA simulator to other simulators are:

• Open-source: CARLA is an open-source simulation platform that allows researchers
and developers to customize and extend the simulator to fit their specific needs.

• High-fidelity simulation: CARLA offers a high-fidelity simulation environment, with
accurate physics models and realistic graphics, which enables researchers to test and
evaluate their algorithms in a realistic environment.

• Multi-agent simulation: CARLA supports multi-agent simulation, which allows mul-
tiple agents to operate and interact with each other in the same environment. This
feature is particularly useful for developing and testing autonomous driving algorithms.

• Large-scale simulation: CARLA can simulate large-scale environments, which enables
researchers to evaluate the scalability of their algorithms in real-world scenarios.

• Modular architecture: CARLA has a modular architecture, which means that re-
searchers and developers can easily add and remove components of the simulator to
suit their specific needs.

• Python API: CARLA provides a Python API, which makes it easy for researchers and
developers to interact with the simulator and develop their algorithms using the Python
programming language.
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4.2 Transfer learning models

4.2.1 UNET Model

Figure 4.2: UNET Model [17]

The U-Net model is a convolutional neural network architecture that is commonly used
for image segmentation tasks[6]. As shown in Figure 4.2, the architecture comprises of a
symmetric expanding path that permits exact localisation and a contracting path to cap-
ture context. The U-Net model has been shown to achieve high accuracy in various image
segmentation tasks, including biomedical image segmentation and segmentation of natural
images. The U-Net model is designed to work with small amounts of training data, which
makes it suitable for tasks where annotated training data is limited. The U-Net model
can handle images of different resolutions, which makes it useful for tasks where images of
different sizes need to be segmented.

The UNET architecture has several advantages over other models, including:

• Better performance for semantic segmentation: The UNET architecture is specifically
designed for semantic segmentation tasks, making it more efficient and accurate than
other models that are not specifically designed for this task.

• Fewer parameters: UNET has fewer parameters than other popular architectures such
as VGG-16 and ResNet, which means that it can be trained more quickly and with less
memory usage.

• More efficient memory usage: The UNET architecture utilizes skip connections to
improve the memory efficiency of the model by reducing the number of layers needed
for accurate segmentation.
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4.2.2 Facial Landmark Model

Figure 4.3: FaceNet Model [18]

FaceNet is a deep learning model developed by Google researchers for face recognition tasks.
The model is based on a deep convolutional neural network architecture that learns to map fa-
cial features into a high-dimensional space. It is designed to generate a compact and mean-
ingful embedding of a face image in a high-dimensional feature space. This embedding can
be used to compare two face images and determine whether they belong to the same person
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or not.
As shown in Figure 4.3, the FaceNet model uses a convolutional neural network (CNN) to

extract features from a face image, followed by a triplet loss function that encourages similar
faces to be closer together in the feature space and dissimilar faces to be farther apart. It
takes three face images as input: an anchor image, a positive image (belonging to the same
person as the anchor), and a negative image (belonging to a different person). The loss
function encourages the distance between the anchor and positive embeddings to be smaller
than the distance between the anchor and negative embeddings by a margin. This helps the
model learn discriminative features that are useful for face recognition.

One of the key innovations of FaceNet is the use of a siamese network architecture, which
allows the model to compare two face images by computing the distance between their
embeddings in the feature space. This makes the model robust to variations in lighting,
pose, and facial expression [19].

FaceNet achieves state-of-the art performance on face recognition benchmarks such as
Labeled Faces in the Wild(LFW) and YouTube Faces(YTF), with accuracies of over 99%
and 95%, respectively and has been widely adopted in various applications, including security
systems, access control, and social media.

4.2.3 Proposed Methodology

Figure 4.4: Proposed Methodology
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The proposed system utilized multimodal driving signals (GPS, vehicle speed, heading, etc),
video of the road scene ahead and video of driver’s face, to understand the driving environ-
ment and learn the causal relation between driving environment and driving maneuver using
deep learning algorithms.

Figure 4.4 presents an overview of the proposed DMD system. The DMD system is
comprised of two computational modules, driving maneuvering feature extraction module
and the driving maneuvering detection module. The driving maneuvering feature extraction
module contains deep learning models for generating attention feature maps and driver face
shift feature extraction. It generates a vector of the driver’s attention features, driver’s face
shift features and vehicle signals, which is used as input to LSTM model.

The driving maneuver detection module uses a network of three LSTM layers to learn
maneuver information from a sequence of feature vectors generated by the feature gener-
ation module in the time domain. Attention model and LSTM layers are updated with
optimization method in training process [20].

Overall, the proposed DMD system offers a comprehensive framework for identifying
driving manoeuvres through the use of multimodal data sources and deep learning algo-
rithms. The system can successfully forecast driving manoeuvres in real-time by utilising
the temporal relationships between driving signals and camera data, making it a viable tool
for advanced driver assistance systems (ADAS) and autonomous vehicles.
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Chapter 5

Implementation Framework

5.1 Datasets Used

5.1.1 DR(EYE)VE Dataset

DR(eye)VE is a large dataset of driving scenes for which eye-tracking annotations are avail-
able [21]. This dataset features more than 500,000 registered frames, matching ego-centric
views (from glasses worn by drivers) and car-centric views (from roof-mounted camera).
Using a precise eye tracking gadget, they captured the driver’s gaze. We overlay gaze in-
formation on an HD video taken from a roof-mounted camera to favour the car’s point of
view. Eight subjects took it in turns to drive through various landscapes in order to rule
out any potential biases. They carefully picked a subset of brief events in which the driver
diverted his attention from the road to something else in the environment. Figure 5.1 shows
an example of the DR(EYE)VE dataset.

Figure 5.1: The three different types of videos available in DR(eye)VE

The eye gaze annotations are particularly important for our task of driver maneuver
prediction, as they provide a precise location of where the driver is looking at any given
moment. This can be used to infer the driver’s attention and intentions. One of the challenges
of working with this dataset is the large size of the videos and the corresponding annotations.
The dataset requires significant storage space and computational resources to process and
analyze. Additionally, the eye gaze annotations are quite dense, with a total of over 400,000
annotations across the dataset. This requires careful preprocessing and filtering to ensure
high quality data for training and evaluation.

5.1.2 CARLA SIMULATED DATASET

The open-source CARLA (Car Learning to Act) simulator is used in research on autonomous
vehicles [22]. It is currently being maintained by the team at the Italian Institute of Tech-
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nology (IIT), but it was originally created by the Computer Vision Centre (CVC) at the
Universitat Autnoma de Barcelona (UAB) in Spain.

CARLA offers a platform to replicate a range of traffic situations, weather conditions,
urban, suburban, and rural landscapes, and driving scenarios. Additionally, it provides an
extensive selection of sensor simulators, including as cameras, lidars, radars, and GPS, that
let academics test their planning, perception, and control algorithms.

In order to facilitate the creation, instruction, and validation of autonomous driving
systems, CARLA has been built from the ground up. CARLA offers open digital assets
(urban layouts, buildings, and vehicles) in addition to open-source technology and protocols
that were developed for this purpose. The simulation platform offers customizable climatic
conditions, full control over all static and dynamic characters, the creation of maps, and
many other features. Currently about 60K datapoints are collected. The setup of the
CARLA simulator used for this project is shown in Figure 5.2. For the dataset simulated
for the project:

• Hardware configuration, includes calibrating the steering wheel, setting up a USB cam-
era, and configuring a triple display setup.

• An automobile was spawned in the Carla simulator, equipped with the required sensors,
and a python script was used to provide steering wheel control.

• The sensor data is saved as CSV file.

• Road images and webcam images are saved in JPG formats.

• Data is collected at the rate of 20 Hertz.

Figure 5.2: CARLA Setup

By offering a high-fidelity simulation environment that may assist academics and en-
gineers in iterating and testing their algorithms in a secure and controlled environment,
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CARLA promotes the development of autonomous driving algorithms. The software is con-
structed on top of the Unreal Engine [23], which renders the virtual environment realistically.

Researchers and developers can communicate programmatically with the simulation en-
vironment using CARLA’s Python API. This enables the development of unique tools and
scripts for data collecting, visualisation, and analysis. Figures 5.3 and 5.4 show the driver
face camera output and the road video output respectively.

Figure 5.3: Example of driver face video frame

Figure 5.4: Example of road video frame

The 12 features logged from CARLA simulator are:

• Velocity

• Acceleration linear x

• Acceleration linear y

• Acceleration linear z

• Orientation x

• Orientation y

• Orientation z

• Orientation w

• Throttle

• Steer

• Brake

• Gear
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Figure 5.5: Sample of the 12 signals obtained from CARLA

These features are sensitive to even minute adjustments in driving style or vehicle be-
haviour. This sensitivity can be helpful for spotting minute behavioural changes or spotting
potentially unsafe circumstances [24]. These characteristics are closely tied to how the vehi-
cle moves and is oriented, as well as how the driver controls it. They are therefore extremely
pertinent to any modelling work involving driver or vehicle behaviour. The sensors that
detect these characteristics are already present in many vehicles, making it extremely simple
to gather the data required for modelling. As they are based on actual data and driver
inputs, the features are also rather easy to interpret. This can make it easier to understand
the results of a modeling task and make decisions based on those results. The various sig-
nals recorded in the dataset are illustrated in Figure 5.5. and the overall distribution of the
classes is illustrated in Figure 5.6.

Four classes are considered for implementation:

• Straight

• Left

• Right

• Stop
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Figure 5.6: Class proportions in the entire dataset

Figure 5.7 shows the correlation heatmap of the dataset.

Figure 5.7: Correlation heatmap of the dataset
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5.2 Model Pipeline

The prediction of driver’s maneuver is done five seconds priori, therefore there is a 100 frame
difference between current frame and frame for which the maneuver class is predicted. Figure
5.8 illustrates the sliding window and look ahead technique.

Figure 5.8: Sliding window and look ahead technique

Sliding window technique involves dividing a longer sequence of data into shorter over-
lapping segments (in this case, 20-frame segments), and applying a machine learning model
to each segment to make a prediction [25]. The model is fed the data of a single second (20
frames) and class of the 100th frame from the current frame is predicted, which results in a
five second look ahead. The 20th frame of the 20 frame sequence is the current frame. The
ROS bridge is used to synchronize the 20 frames of driver face video data, road video data,
and timesteps of sensor value data to be input to the model.
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Figure 5.9: Model pipeline

The Figure 5.9 illustrates the flow of data in the real-time scenario. The data flows
through this architecture as follows:

• The input data is a set of three types of features: image frames, time-series sensor data,
and facial embeddings. These are provided as three separate inputs to the model.

• The twenty image frames are passed through a U-Net model to generate a set of seg-
mentation masks. The U-Net model is applied at each time step separately as the input
frames are in a sequence.

• The segmentation masks are multiplied element-wise with the original input frames to
generate a set of masked frames.

• The masked frames are then passed through a convolutional layer to reduce the channel
dimension from 3 to 1.

• The resulting feature maps are reshaped into a 3D tensor, where the first dimension
corresponds to the time steps, the second dimension is a flattened representation of the
feature maps, and the third dimension corresponds to the number of channels.

• The twenty time step time-series sensor data is passed through a 1D convolutional layer
to reduce the number of features.

• The twenty face image frames are passed through a TimeDistributed layer that applies
a pre-trained FaceNet model to each frame of the input sequence.

• The output of the U-Net model, the time-series sensor data, and the facial embeddings
are concatenated along the channel dimension.
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• The concatenated tensor is passed through a series of LSTM layers to generate a se-
quence of feature vectors that capture the temporal dynamics of the input data.

• Finally, a fully connected layer is applied to the last feature vector to generate the
output predictions. The output layer has a softmax activation function to generate
class probabilities of the frame five seconds ahead of time.

5.3 Overall Architecture

The input consists of three components: a sequence of frames with the shape (timestep,
height, width, channels), a sequence of features with the shape (timestep, features), and
a sequence of face images with the shape (timestep, 160, 160, channels). The model then
applies a series of convolutional layers, followed by a multiplication operation between the
U-Net model and the first input, and a reshape operation.

Next, the model applies a 1D convolution to the sequence of features, and concatenates
the resulting tensor with the reshaped tensor from the previous step and the output of the
FaceNet model applied to the sequence of face images.

Finally, the model applies a series of LSTM layers, followed by a Dense layer, and outputs
a softmax classification over the four of classes.

Some potential advantages of this model architecture are:

• Incorporates information from multiple modalities: The model employs data from three
separate sources, including facial images, feature vectors, and image frames, to deter-
mine a classification. Compared to models that just employ one modality, this might
increase classification accuracy [26].

• Utilizes two established models: The architecture combines components of the U-Net
and FaceNet models, both of which are widely used and have shown strong performance
in their respective domains. By building on these established models, this architecture
may be more likely to achieve strong performance in its target task.

• Flexibility: This model can be adapted to a variety of video classification tasks involving
faces. By modifying the number of LSTM layers or changing the number of classes in
the output layer, the model can be tailored to different use cases.

• Generalization: The model architecture can potentially generalize well to new video
data with different characteristics, as the use of multiple modalities and the incorpora-
tion of pre-trained models may help the model to learn more robust and generalizable
features.

Centre for Artificial Intelligence Page 25



DRIVER MANEUVER PREDICTION VIA FEATURE FUSION USING DEEP
LEARNING

The overall architecture of the model is illustrated in Figure 5.10

Figure 5.10: Overall Architecture
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Chapter 6

Results and Discussion

6.1 Results of driver eye attention model

The driver eye attention model (UNET architecture) outputs a tensor of shape (224,224,1)
which is the heatmap of the driver’s eye attention for the corresponding road video frame.
This tensor helps in providing the overall model only the necessary context from the road
video, since there may exist various unwanted elements in the frame that may throw off the
accuracy of the overall model. A sample input and its corresponding output of the UNET
model is shown in Figure 6.1.

Figure 6.1: Example of driver eye attention model prediction

The UNET model is evaluated on four evaluation metrics usually used for evaluating the
performance of segmentation models: IOU score, precision, recall, and mean squared error.
Due to the large quantity of data in the DR(eye)VE dataset, the UNET model was trained
in two phases, each phase utilizing half of the dataset for training the model. Splitting the
dataset can also help prevent overfitting, which occurs when a model becomes too specialized
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to the training data and does not generalize well to new, unseen data. By training the
model on smaller batches, the model is forced to learn more generalizable patterns in the
data, as opposed to memorizing specific examples in the training set. Additionally, training
in smaller groups makes monitoring and troubleshooting the training process simpler [27].
Working with smaller batches can make it simpler to identify the problem’s root cause and
implement the necessary corrections if a problem occurs during training. Figure 6.2 shows
the various training graphs corresponding to loss, recall, iou score, and precision.

Figure 6.2: Driver eye attention Model evaluation metrics graphs

During the testing phase of the UNET model, a total of 20,000 data is taken for testing,
out of which each classes are given equal weightage. The most important parameter to
be monitered here is precision, as higher the precision, closer the predicted mask is to the
vicinity of the actual eye attention of the driver [28]. The performance parameters are shown
in Table 6.1.

Table 6.1: Performance parameters of driver eye attention model

Performance Parameter Train Validation

Precision 99.10% 99.03%

Recall 22.00% 21.16%

IOU Score 37.60 % 36.50%

Loss 0.0260 0.0280
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6.2 Results of driver maneuver prediction models

The individual models are constructed by freezing parts of the overall model that deals with
the calculation of the other two data sets. The concatenation layer is only present in the
feature fusion model.

The performance of the feature fusion model in 5 second look ahead scenario is evaluated
by comparing it with the performance of the model using only each individual type of data
at a time. This establishes the superiority of fusing the features in the problem of driver
maneuver prediction as compared to implementing each data individually. Each model is
run for 200 epochs and the best model is considered with respect to the best validation
accuracy so as to avoid overfitting of the model. Figures 6.3, 6.4, 6.5, and 6.6 show the
training accuracy and loss graphs of the models.

(a) Accuracy (b) Loss

Figure 6.3: Accuracy and loss graphs of driver face only model

(a) Accuracy (b) Loss

Figure 6.4: Accuracy and loss graphs of road scenes only model
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(a) Accuracy (b) Loss

Figure 6.5: Accuracy and loss graphs of signal data only model

(a) Accuracy (b) Loss

Figure 6.6: Accuracy and loss graphs of feature fusion model
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Inferencing from the above graphs it is clear that the feature fusion model gives the
highest accuracy in a 20 second look ahead scenario. The bar graph comparing the training
accuracies are shown in Figure 6.7.

Figure 6.7: Accuracies of the various models

Testing is done on all four models with testing data of size 20000 where each class is
represented equally (5000 datapoints each). The models are evaluated using the four param-
eters of accuracy, precision, recall, and F1 score. The inference time for each model (the time
taken by the model to predict a single sequence of input data) is also evaluated. This metric
helps in determining the efficiency of using the model in real time. The lower the inference
time, the faster the model predicts. The corresponding performance parameter values are
shown in Table 6.2.

Table 6.2: Performance parameters of the various models

Performance Parameter Driver face video only Road video only Signals only Feature fusion model

Accuracy 66.52% 75.37% 82.36% 88.09%

Overall Precision 65.28% 77.41% 79.13% 87.93%

Overall Recall 61.20 % 77.23% 83.66% 87.95%

F1 Score 63.17% 77.32% 81.33% 87.80%

Inference Time 95.83 ms 97.56 ms 63.15 ms 112.32 ms
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The four class confusion matrix of the feature fusion model is shown in Figure 6.8. As
evident in the confusion matrix, the model shows high variation in predicting the left class.
This may be attributed to the fact that the data set used for training the model is from a
right hand drive vehicle and so the drivers focus would more likely be concentrated on the
right side [29].

Figure 6.8: Confusion matrix of feature fusion model

The results of the driver eye attention model shows that the UNET model is really capable
of localizing to the area at which the drivers eye is attented, as seen by the high precision.

The results of the driver maneuver prediction models show that the feature fusion model
achieved the highest performance in terms of accuracy, overall precision, overall recall, and
F1 score. These metrics indicate how well the model is able to correctly identify and classify
different features in the video data. However, it is also important to consider the inference
time, which represents how long the model takes to process the input data and produce an
output. In this case, the signal only model achieved the lowest inference time, which is an
important factor to consider when the model is deployed in real time [30].

Overall, the feature fusion model can be considered as the best model among the four
models as it shows better results in the evaluation parameters among the four models, and
its inference time, even though the lowest among the four models, gives a 4.8 second look
ahead which is more than sufficient when implementing the model in real time scenarios.
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Chapter 7

Conclusion

This work proposes a novel framework for predicting driver maneuvers in real time using
deep learning techniques and feature fusion. By leveraging the driver’s eye heatmap infor-
mation, facial landmarking, and attention-based feature fusion, the proposed multi-input
deep learning algorithm achieves an accuracy of 88.09% and an overall precision, recall, and
F1 score of 87.925%, 87.95%, and 87.80%, respectively. The utilization of the UNet and
pre-trained Facenet models for predicting driver eye attention and accurately mapping the
driver’s face, respectively, has proven to be highly beneficial in removing bias produced by
the surroundings during training. These results suggest that the proposed framework has
the potential to significantly improve the accuracy of driver maneuver prediction, which can
ultimately contribute to enhancing driver safety and reducing accidents on the road.

As part of future work, experimenting with different deep learning modelsmay be taken
into consideration. While the UNet and Facenet models used in this work have proven to be
effective, there may be other deep learning models that could yield better results. Exper-
imenting with different models could lead to better accuracy and more robust predictions.
Additionally, the proposed model can be extended to incorporate more complex maneuvers
such as lane change and merging, which require a more sophisticated analysis of the driver’s
behavior.
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