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1. Introduction

Deep learning is a non-parametric approach suitable for solving prediction problems. It can
be used in different areas employing the autoencoders and the recurrent architecture, and its
capability of learning features without dimensionality reduction, and assessing the temporal
patterns of the outputs, respectively. Deep recurrent networks use sequences and feedback
loops to model the temporality of the outputs, so they are suitable for processing time series
data with long dependencies and modeling a highly complex input-output mapping. Deep
learning has primarily been used as a black-box model due to its high flexibility and
performance, such that complex input-to-output mappings can be created without in-depth
knowledge of the data. However, in practice, a purely black-box prediction often leads the
data to be exploited in a faulty fashion. This usually results in the quality of the paths
generated and thus the performance of the autonomous vehicle regarding safety and

efficiency being hindered.

A high demand for safe and efficient autonomous vehicles to address different levels of
driving automation is evident. To enable autonomous systems to make safe and efficient
decisions, different vehicle control elements are required. In order to improve traffic flow in
urban applications, the use of anticipatory control strategies can be further classified as path
optimization or trajectory tracking. In this work, the use of a deep learning approach to predict
the vehicle's future positions is investigated in order to restrict the available paths to a few at
intersections by generating a set of candidate paths covering multiple maneuver possibilities.
However, the quality of the generated paths is deeply influenced by the prediction's level of
confidence. Moreover, only high-confidence predictions can be used to analyze the base semi-

optimal policies better.

1.1. Background and Motivation
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Present methods of path planning are based on the classic Artificial Intelligence
representation, while the use of machine learning is not yet dominating the field. Deep
Learning has demonstrated an extraordinary capability to answer a range of diverse
problems, providing exciting results. Crucially, for supervised learning, to learn
correspondence between input and output, the algorithm requires labeled data; the cost and
tedious process of manually labeling the images may include thousands of distinct pedestrian
paths. Semi-supervised or unsupervised learning are alternatives when fully labeled data is
hard to build or requires considerable time and expense and are practically easier and faster,
but still require some labeled data for better results. Another motivation for the use of Deep
Learning in path planning is to develop a more lightweight, scalable, and embedded solution
for the less capable robots. The processing burden is mainly concentrated in the training phase
since it requires a large amount of data exclusively on that occasion. In the production phase,

Deep Learning is quite efficient for inference, not requiring an excessive computational cost.

Real-time path planning is an important problem in robotics and finds use in applications that
include drilling for Mars exploration rovers missions and autonomous vehicles. Autonomous
vehicles are a priority area for transportation research and development, and significant
progress has been obtained in recent years. Particular focus is given to vehicles for urban
environments, which pose a challenge due to the numerous traffic signs, signals, and road
markings, variations in morphology, and dynamic obstacles. Urbane merges hardware and
software platforms to produce lightweight and low-cost autonomous vehicles targeted at
operation in crowded urban-like environments, as shown in Figure 1. The hardware,
composed of sensors and actuators, is combined with powerful processing and software to
navigate and interact with the environment. Meanwhile, Deep Learning methods can learn

complex functions to complete the necessary path planning in real-time.
1.2. Research Objectives

More specifically, the studies include the following significant scientific contributions. First,
we develop an end-to-end algorithm that integrates vehicular path design and dynamic
feasibility under various traffic conditions. Second, momentum costs, which incorporate a
relatively larger influence of the previous direction on the current state, are included in the

design of the vehicular path as part of the Hardaway algorithm. Third, the initial stochastic
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behaviors of different agents (drivers, pedestrians, or other vehicles) are optimized on the

RAMMap, which is the map after including the momentum cost.

This research aims to develop a data-driven method which can be used by vehicles to generate
a path without compromising the safety and efficiency of the trip. Particularly, we aim to
propose a novel end-to-end vehicle path planning framework using Long Short-Term
Memory (LSTM) with kinematics approximation. By using deep learning, we aim to minimize

the number of handcrafted rules of traditionally-built vehicle path optimization methods.
2. Literature Review

In this section, a comprehensive literature study is presented. The recent advances in artificial
intelligence, with emphasis on deep learning, are reviewed, and their successful applications
in autonomous vehicle guidance and control are also presented. The autonomous vehicle
routing problem is explained, and deep learning techniques are applied to this problem, and
relevant studies are reviewed. The applications of those recent studies focusing on
autonomous vehicle path optimization in urban environments are also discussed in detail.
Finally, tools that can be used to enhance the simulation of autonomous vehicles are
exemplified. The purpose of covering all these studies is to introduce the cutting-edge theories
in the Al and autonomous vehicle domains and also to grasp the enabling and enhancing

factors by providing such a solution.

In this chapter, the concept of path optimization is elaborated along with the problem
statement. The relevant literature on topics of deep learning, autonomous vehicle behavior,
vehicle routing, and autonomous vehicle tools are also reviewed. The chapter concludes with
a discussion. Throughout the section, the problem domain is clearly mapped to each

mentioned study to better introduce where this dissertation situates.
2.1. Autonomous Vehicles in Urban Environments

For a car-share system, autonomous vehicle path optimization essentially tries to minimize
the time and cost needed to reroute any vehicle to a certain location. At the same time, it takes
into account the preferences and pickup time windows of potential passengers, the time
required to serve them, the number of passengers, and the level of vehicle autonomy. Given
that current state-of-the-art autopilots cannot efficiently solve this optimization problem,

simple heuristics are deployed.
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Self-driving cars and autonomous vehicles promise to prevent accidents, reduce traffic, and
decrease pollution caused by personal transportation. The demand for autonomous car-share
systems arises from a scarcity of urban parking spaces and high crime rates. However, these
systems present a score of challenges when used in urban environments, leading to a very
complex integrated optimization problem that includes robust vehicle routing, efficient

dispatching policies, accident prevention, and safe passenger pickup and delivery.
2.2. Path Planning and Optimization Techniques

There is a large body of literature that adopts an optimization-based approach to path
planning for urban autonomous control. Off-line optimization is preferred in this context since
an off-line algorithm can utilize the most up-to-date traffic and sensor data and gain
advantages over the 'reactive' nature of the online approach. It turns out that the off-line
approach also induces less complexity but oftentimes at the expense of slower computation.
However, with increasingly powerful computational tools, off-line approaches are still used
in practical settings despite the speed issues. In work done by Chabini, they performed
nonlinear optimization of a large-scale dynamical model of 2D vehicle traffic motion in a
regular lattice framework. The authors obtained optimal control trajectories for single vehicles
which respect the non-holonomic constraints and traffic operational constraints such as car-
following and velocity limits without wusing speed limits as constraints. The
AirSim+Aeriallnformatics and Robotics Toolkit (AIRT) were used to predict the behavior of
the traffic in the surroundings of the autonomous vehicle while a Discrete Event Simulator
(DES) was used for controller early validation of the possible traffic behavior. The authors
took necessary data from the AIRT and adapted the relevant decision parameters influencing
the behavior of the objects detected. By running these simulations in parallel, the authors
reported that they could increase the relevant variability in both the traffic behavior baked
into the DES and the traffic detection data to expect a more lifelike human behavior to be
observed, if required; although the scope of the paper did not address human traffic

components directly, the authors envisioning scenarios with platoons in mixed-traffic.

Path planning generally refers to the generation of a path in a space such as the Euclidean
plane or a non-Euclidean higher dimension space such that the agents can traverse the path
assuming any physical or geometric constraints imposed on the motion. Optimization, on the

other hand, is a key scientific discipline to maximize or minimize an objective function over a
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constrained region. The objective can be a variety of things including minimization of
computational cost. In the context of path planning, the critical function to minimize is the

journey time.
2.3. Deep Learning Applications in Autonomous Vehicles

Planning, Path Prediction, and Decision Making: Deep neural networks can be utilized not
only to predict traffic outcomes "locally" utilizing data from multiple vehicles and their past
trajectories, but also to generate complex plans for any vehicle based on sensor information,
such as LIDAR associated with the range of the micro-motions at traffic intersections. With
further technological development specifically in the arena of integrating complex sensor
information and generation of long-term plans, these results could facilitate more trustworthy
human-vehicle interactions, enabling the actual deployment of near-autonomous
technologies in the short-term future. Additionally, reinforcement learning, combined with
deep neural networks to learn a vehicle controller, could deal with the complexities in traffic
intersection scenarios. In the macro-view of traffic on our roadways, improved traffic models
utilizing more and better data are of interest and an area where machine and deep learning

can contribute.

Deep learning is driving significant progress in the innovation and development of
autonomous vehicles. With the advent of deep learning and Al technologies in the recent past,
the autonomous vehicle (AV) industry is leveraging these cutting-edge technologies to make
more intelligent, high-performance vehicles. Here, we present the most common areas in

which deep learning is currently being utilized in the context of AVs.
3. Methodology

After the comparison, the deep learning-based methods show a strong potential for self-

driving car path optimization in urban environments.

Finally, a visual semantic segmentation method was implemented to guide the vehicle into
the buffer region designed by the rapidly exploring random trees (RRTs) algorithm. The input
of the deep learning network was generated from the cost map modeled with the probabilistic
method. For the task of path optimization, two novel attention mechanisms were proposed:
the local and the global attention. For comparison, the state-of-the-art approaches in path

discretization and optimization were also implemented, which are the sampling-based
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methods and the regression-based methods. For the sampling-based methods, they are RRTs
and RRTs with NI with CI as nearness criteria for optimizing a set of feasible paths. The
regression-based method predicts the path as a function of the observed road image through

a deep long short-term memory (LSTM).

A novel bi-directional CNN was implemented to classify segmentation results of prior defined
small grid cells of the road into driveway or not. Another CNN model was proposed to
identify the available driving space, which guides vehicles from traffic light to intersections
to fully utilize the road space. A CNN, along with active semantics, recurrent primary, and

recurrent model, were proposed to detect the final path.

Several deep learning-based algorithms have been proposed to address the problem of path
optimization for autonomous vehicles in urban environments. Convolutional neural network
(CNN) has been extensively used to segment the road and drivable region out of the whole
scene. Then, the road graph, an unbranched path, and finally the finely optimized path were
found. Deep learning has also been employed to learn features, including important global
features such as the spatial dimensions of the channel, for building an intuitive understanding

of the scene.
3.1. Data Collection and Preprocessing

The study considered the AI implementation, training techniques, and experimental
simulation results. The network takes the LIDAR data of the vehicles as input and provides
waypoints in the GPS coordinate system to the vehicle. The authors used a ResNet-34 base
network to extract the features. The entire model uses a FoG-Bev block and a FoG-Ins block
to process the point cloud. The GTA-like environment built by the CARLA driving simulator
is used to collect the offline data, including vehicle, pedestrian, traffic lights, traffic signs,
traffic flow, and pedestrians. The trained network uses the given goal to model the potential
spatial distribution of the exposed points. The network takes the LiDAR data as input, takes
the goal GPS coordinates and the behavior state of the vehicle as input to the LSTM, and other
network features as input. The issue defines long-term path planning as a Markov decision

process (MDP) to implement the model.

To build a realistic traffic simulator, we leveraged the popular open-source simulation tool

CARLA. CARLA provides an interface for clients to access states of the game simulator, e.g.,
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lidar sensor readings and RGB images of the virtual world, thus allowing for easy integration
into the overall Al training pipeline. To create diverse traffic scenarios, we designed a
multiagent traffic blueprint that spawns predefined agent groups, each consisting of two
connected vehicles along with manually designed trajectories aiming to simulate realistic
traffic events: main-through street vehicles, cross-street vehicles 1-3, sidewalk pedestrians,
and crosswalk pedestrians. In addition, running the CARLA simulation with the blueprint
allows our Al agents to obtain sensor readings, including high-fidelity RGB camera images,

depth information, etc., to enable learning from pixels.
3.2. Deep Learning Model Architecture

Note: The figure (above) represents the C3A layer stack used for the development of the Urban
Path Planner. The first layer is an input layer that plugs into the convolutional neural network
model. The named layers of the CNN localize features from the input data to generate the
desired independent feature vectors. For a single path ahead, three independent columns
subdivide the named layers. The head layers further define the upsampling and activation of
data from the named layers. These are connected to three different fully connected layers for
each definition head. There is one fully connected layer for the generation of each defined
path. This then captures the desired output of the NN, for lack of a better term, in the context

of the desired segments on the horizon.

Head layers aim to shape the learned tensor representative of the input transform. It is
necessary to have an appropriate number of output channels with the appropriate activation
for any of the head components. They initialize reasonable probability distributions of the
navigable paths in the context of the convex potential approaches. There are three head layers
used because of the trio of segments defined by the RoadRunner neural network model. The
bottlenecks, or last layers, are the final input features of the road ahead that the tested
approach used. Assorted from the more extended tail of the neural network model than those
of the RX's image parts for computational efficiency. In this article, each of the heads used a
similar core learning mechanism as the convolutional layers in the network, as these
placeholders provided a powerful mechanism for incrementally learning the image aspects.
Their structure is not exactly detailed, but the networks show that some of the best networks

have architectural properties of skip connections and residual connections. The multilayer
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perceptron used fully connected layers with dropout after each of the filter transformations

in the heads.

The C3A network used for path generation was adapted from the RoadRunner Network
Model, developed at the Berkeley Deep Drive (BDD) Visualization and the University of
California Berkeley. In Table 1, the C3A network model captures the features of human
drivers such as driving quality, diversity, and passenger comfort. In this model, the road
passes are described in a vectorized fashion and generated in the comfort segment of the
model by convolutional neural networks. For dynamic environments like urban driving, the
C3A model can be used to generate paths while avoiding static and stationary obstacles. In
addition to efficiency, it generates passable paths that can scale to large urban driving
environments while ensuring safety criteria through a learning-based approach during

training.
Table 1. C3A Neural Network Layer Stack
3.3. Training and Evaluation

3.6.1. The effect of accuracy and computational cost trade-off In this example we were
proposing, the task was completed by training the network of 50 symmetric ReLU layers. The
network is trained using the Adam extended training algorithm. When deciding, because the
Lustig (34) measure is used to determine the decision, learning time is not more flexible during
decision making. According to this, the single goal time of the related tools is completed faster
than the trajectory within 1.5 seconds, and four obstacles with the highest obstacle likelihoods

can be verified.

Step 0: Set the iteration index t = 0. Set the maximum iteration T. Step 1: Temporary setting
makes s (x) — s(x, a; t) decision. Step 2: Obtain: u (x, a; t + 1) = u (x) - Vu (x;a; t)V(x;a; t) (9).
Step 3: fs(s(x; a); x; a) = o (u (x) — 1 (s(x); x;a)— p(x)) s(x; a) (1 — s(x; a)) a ; (10) Re-number
observations of obstacles in the measured range through threshold p(x) (4). Update the value
function of the Decision Making SN V(x,a;t+1). To stop checking the iteration limit if x obstacle
is in the rope. Step 4: set the iteration number (t = t + 1), proceed to Step 1 if (t <T). Step 5:
Return the optimal X* found within the final distance to the p (x) obstacles, and the depth
information to the corresponding p (x) obstacles. Otherwise, return the initial target, Step 6: If

no feasible action exists in the final 7, declare that no survival solution.
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Fast Gradient Method with the Value Approximation With the deep learning-based model of
obstacle likelihood estimation, we can design FG with VA to utilize its functionality easier. In
VA, obstacles depth information is employed to train value function not to-impose which
obstacle to select from obstacle likelihoods. Also, in (7), the specified information s that was
used to estimate V(s) is not a probability feature vector of the entire output of the neural
network, and uses the depth of obstacles. Therefore, the range of obstacles for decision making
is significantly restricted, and the reassessment range is significantly restricted. As a result,
FG with VA can be executed again rapidly when UAV reaches near the obstacles. The pose x
of UAV that is predicted by iterative FG with VA is only the distance from the obstacles, and
the learning possibility similar to the training data can be realized. The main procedures of

FG with VA method are illustrated as follows.
4. Experimental Results

In this study, environment settings include release 3.2 of the CARLA simulator, which
includes the 100 Town map. This map includes a large urban environment with 2 lanes per
direction on 2-way roads, 1-way roads, traffic lights, and crosswalks that are very realistic, in
order to have a realistic vehicle path to optimize their coordinates. In our study, we use the
SUMO road network format for town 100, providing roads, including type (one or two
directions, with or without separation), path, and connected road points. Above description
of town 100, a simple CARLA control algorithm with the autopilot and this provider the main
constraint of the vehicle was primary, such as vehicle building model, turning radius,
maximum speed, and physical constraint vehicle speed. Additional environment settings
were tested but not included in the final rezoned. Therefore, we have not provided the
simulation information that we believe will not provide results. Finally, the output is given as
the analyzed model of a 2D road network, with a 2.25m deviation from the centerline, and the

capability of SUMO to automatically reconfigure the vehicle planner.
4.1. Dataset Description

Additionally, images were taken every 1 meter when the vehicle velocity exceeds a certain
threshold (5km/h in this case), resulting in approximately a 30Hz sampling frequency. The
dataset was divided into train, validation, and test sets, with roughly a 4:1:1 proportion. The

complete dataset contains 33 sequences, with a combined time of 5h35min and 125,924
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captured images. All captured images are resized to 600x600 pixels and pre-processed to have

a uniform field of view before applying the models to the problems.

This dataset was collected using the CARLA simulator and exposes challenges expected
under real-world driving scenarios such as occlusions, weather variations, lighting
conditions, and possible issues in the semantic segmentation task in complex urban scenarios.
Each sequence was associated with a relation row in the relations.txt file, containing metadata
such as times of the recording, recording file location, GPS and compass data, and other

information regarding the recording.
4.2. Performance Metrics

The conditions for conducting the initial tests were both driving the trajectory with single type
(moving straight, turning right, turning left), and stopping at the stop position also directly
after exiting the junction and the intersection. However, the conditions were simplified in this
study. Since 7 concave road types created taking into account, the vehicle moved with the
given parameter values (vehicle speed, yaw rate, wheel steering angle) for the vehicles of the
related curvature data for each road type in the trajectory calculation. For each concave road
type, the responses of the proposed brush fire algorithm were obtained. They were evaluated

using a rating scale.

The proposed path optimization is evaluated quantitatively using a rating score of the
trajectories with two main descriptors. The Score Descriptor (SD) is introduced to estimate the
safety of the vehicle during driving urban cyclic roads. The main goal of SD is creating safe
paths avoiding the evaluation attributes. The Evaluation Descriptor (ED) describes the
evaluation attributes' values during driving the urban test trajectory. Due to the characteristics
of the problem, both descriptors have conflicting objectives. The proposed brush fire
algorithm shaped the optimal trade-off among junction probability, vehicle slippage, vehicle

jerk, confirmed intersections, slot number.
4.3. Comparison with Baseline Models

1) Without translating the original regression objective into segmentation objectives and vice
versa during joint learning, our baseline method exhibits training collapse at an early stage
and generates similar patterns across different types of objects. By comparison, our proposed

method incorporating our objective function transformation strategy mitigates such a learning
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performance gap and generates visually pleasing results even when the baseline method fails

to provide a valid solution in certain scenarios.

2) When comparing between our method and the joint learning pipeline using the same input
format (RGB and LiDAR), the non-proposed method provides results 1.7% worse, on average,
than our overall design. This demonstrates that our proposed input sensor fusion method can

alleviate mission learning confusion.

3) Our pipeline is superior to its individual component network trained by independent

learning metrics.

To demonstrate the effectiveness of our proposed input sensor fusion method and objective
function transformation strategy, we present a detailed comparison with two baseline models
implemented via non-fine-tuned pre-trained VGG-16 and ResNet-18 models, and performing
joint learning with both RGB and LiDAR inputs without fusing complementary information.
For a fair comparison, the same point cloud sampling approach introduced in Section 3.2 is
also applied. We summarize the comparison results over the entire training process and

observe the following:
5. Discussion

It is worth mentioning that just local probability maximization does not ensure global path
optimization. The combination of CNNs, plus the following MLP path derivation process,
results in an AI/ML-driven route optimization system. This is an essential aspect of the
approach because the safety cost is a non-smooth, non-convex and a priori generally unknown
cost function when traveling at such speeds, in such a high dimensional and complex urban
environment. When we derive smooth, low-cost paths that coincide with designs of modern
dynamic programming-aided human driving, we significantly limit the situations in which
AVs indeed require a last-second choice, at effective intersection regions only, which are areas
we seem to well-capture with the joint cost function of our method. Thus we can keep high
cost-weighted data highly weighted in the regression processes, and as shown throughout

this paper, achieve matching results.

We propose a novel approach that uses a DL system for the full path derivation of specific AV
trips, using a novel AI/ML method for the optimization of feasible paths. We are able to

capture specific conditions of real urban environments. We do this by using side outputs from

Journal of Bioinformatics and Artificial Intelligence
Volume 3 Issue 2
Semi Annual Edition | Jul - Dec, 2023
This work is licensed under CC BY-NC-SA 4.0.



https://biotechjournal.org/index.php/jbai
https://biotechjournal.org/index.php/jbai

Journal of Bioinformatics and Artificial Intelligence
By BioTech Journal Group, Singapore 66

the CNN pipeline that we build for the first task, specifically the localization around the
intersections. Given a feasible and safe cost function and an MLP as a cost-amortization DL
system, we derive cost and time effective paths for automotive trips in dense urban
environments. We evaluate our approach on two evaluated datasets which contain complex

human driving data with significant diversity in the driving tasks.
5.1. Interpretation of Results

Another point to take care of is the output, which in this case is simple to understand due to
being classified into categories. For example, if a situation occurs and the output value is
different from what we understand as a known situation, complexity arises because the neural
network's decision is empirically incorrect. There is a framework called SHAP (SHapley
Additive exPlanation) that can explain why the model decided to classify that decision. These
analyses are useful because the aim is to interpret a black-box model and facilitate audience
understanding. With this information, stakeholders interested in understanding the model's
decision will then be able to deliver an economically based interactive approach to assess or

use the model in production.

Regarding the results obtained, the inherent models and their interpretability must be
considered. Given that the model was trained using deep learning, neural networks are
inherently opaque. They lack the ability to explain themselves in human terms, such as a
linguistic translation of a decision, and only accept mathematically relevant inputs (vectors).
Therefore, human input should be provided for their interpretation, such as a statistical
measure like curvature. This simple information can open the black box of the model and help
understand how the decision-making process is being used. Approaches like class activation
mapping contend with this issue by attempting to explain the decision through the activation
of the most discriminative neurons. Another visualization technique called saliency maps can
indicate the specific reason why the neural network predicts a certain object by highlighting

the relevant regions of the image.
5.2. Limitations and Future Directions

We expect the new generation of differentiable ray-casters to directly fit into an end-to-end
learning environment perception pipeline. An easy extension to our system could be to

introduce dynamics to our model to predict the evolution of pedestrians when the agent is
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navigating in pedestrian-dense environments. The cost generated by this dynamic prediction
of pedestrians could be complementary to the cost generated by a bird-eye fixed cost
associated with pedestrians. The potential impact of introducing dynamics in our pipeline
remains an interesting future research direction. Finally, this work uses a combination of end-
to-end learned predictions and semantic information. It would be interesting to use semantic

information from expert-designed feature detectors instead.

The main limitation of our work is that we focus on an abstracted model of the problem where
the agent speed and curvature are fixed in each time step. To minimize the number of states
in our model, beliefs and dependencies with the environment are mono-directional: states are
dependent on the map and explicit maneuver restrictions at a given position and time, but the
map is not conditional to the state. In reality, the agent actuations not only evolve the state
but also decide the real-time environment perception. The map is therefore conditional to the
state through a closed control loop that can dynamically evolve the problem. Our empirical
success in realistic and detailed simulations demonstrates the practical relevance of our
approach. However, we should be careful in this success interpretation, as our simulated

environment has fixed system delays and perception ranges.
6. Conclusion and Future Work

There are several directions for future work: This work only focuses on the path optimization
of autonomous electric vehicles, and external signals and sensor information are proposed for
other vehicles. However, in many cases, different passenger cars have different priority levels.
More degrees of freedom for autonomous driving, such as car-following behavior, driving
behaviors, and road traffic management, can be embedded in the deep learning framework.
More real-world junctions in the cities will be tested in the future. The trajectory generation
methodology for multiple-junction route optimization is another challenge for real-world
applications. Different driving maps are also good future research. Other multi-agent
scenarios, such as intelligent intersections and shuttle buses, can also use our proposed
optimization framework. Our current framework consists of both a prediction module and a
cycle module. A separately split prediction-weighted cycle approach can improve efficiency
and convergence. The optimization approach can also be connected to other RL models. For
example, this will provide informed driving input for the IRL framework in urban driving

situations.
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We demonstrate that our proposed deep learning-based optimization framework can
optimize the path of an autonomous vehicle and, as a result, minimize travel time and energy
consumption in an urban environment. To optimize the path, the input to the network is a
time interval dt, and the output is direction and steering angle values, which can bring the car
to the destination within the provided time interval. Optimization by means of deep learning,
over a series of short time intervals, allows the autonomous vehicle to adjust to changes in
traffic and complete its journey. In addition, we also utilize the local traffic sensor data in this
framework as truthful information. A number of experiments were conducted in a simulated
urban environment, and the results show that our deep learning approach is able to find the
optimal path with better travel time. To the best of our knowledge, this is the first time that

deep learning techniques have been utilized for autonomous vehicle path optimization.
6.1. Summary of Findings

Our results illustrate the performance advantages of planning based on the passage of critical
urban structures, such as intersections and ramps. The application of learning that is not end-
to-end simplifies the use, design, and acceptance in the vehicles. The main contribution of this
research is to perform deep learning-based autonomous vehicle path optimization. At test
time, an Autonomous Vehicle (AV) repeats as a series of actions that drive it across a large
distance to reach its target destination through the optimizer. The optimizer outputs a
sequence of actions that navigate through each vehicle path element in the most fuel-efficient
way. These are sets of valued gantries throughout the area. The travel of a vehicle to each
value cannot be completely determined, saved, and merged into a contiguous path segment.

To the same target or low-level supplement with hybrid techniques to handle.

We designed a modular approach to autonomous vehicle path optimization in urban
environments. We expressed the planning problem as recursive decompositions based on the
road network and target locations. We realize and merge sub-paths based on the output of a
deep learning network and the start and end gateways of the sub-path. We utilize gateways,
such as intersections and exits, as the basis to break down a vehicular path. The path is then
scheduled to go inside and outside of the gateways at specific times. A supervised learning
method is designed to use deep learning for target-structural learning of the gates. Since gates
are based on distinct urban elements, such as intersections, express lanes, and exits, the

training data for the gates are easily generated from simple rear-end vehicle tracking data
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based on GPS and Inter-Vehicular Communication (IVC) systems. A multi-layer neural
network is used for experimental studies to illustrate the performance benefits of using a gate-
conceptual approach. Our results illustrate that while network training can take a long time,

real-time aggregation is fast and efficient.
6.2. Implications for Autonomous Vehicle Technology

Our motivations and objectives for using deep learning-based techniques for interpreting
road orientation features from satellite imagery stem from our interest in urban computing
and autonomous vehicle (AV) technology applied to some urban mobility and environmental
planning problems. Recent work on AV technology is often focused on developing head or
"platooning technologies," in which a single AV interacts primarily with itself and must make
real-time decisions to avoid obstacles and collisions. In more general non-controlled
environments, numerous higher-level road features, such as the width of the road, the overall
traffic or visual attractiveness of intersections, and the presence of human pedestrians and
human impediments, etc., become more relevant in determining the efficiency and
desirability of various traveling paths among AVs. This is of particular concern in urban
environments, where tight integration with an increased role of public transportation systems
and load-bearing vehicles in relief order high-level surface street congestion and increase

energy efficiency.

Finally, we discuss our efforts to utilize deep learning models for path planning for
autonomous vehicles, which influences the success of AV technology in urban environments.
We use deep convolutional models on high-resolution aerial satellite images to interpret and
train models for a variety of road features. These models are then used as soft constraints in
optimal path parameters or reinforcement learning-based solution approaches. We conduct a
historic analysis of San Francisco using an aerial image dataset with four-band color
information collected in August 1994 and presented as 1 yr. In this paper, we present two
different strategies to tune the connection weights of an artificial neural network using
OptSim environment on a modern deep learning library with a unified interface for the

popular technologies.
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