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ABSTRACT

In this report, we study the use of the latest algorithms of deep reinforcement learning
to train self-driving cars and achieve driving safety. In the coming years, self-driving
has been an important topic for researchers, governments, and enterprises. In one of
the most densely populated cities in the world, Macau has many different traffic
problems. Examples include traffic congestion and use a lot of time spent on traffic,
including traffic problems caused by personal and government urban construction
issues. Caused a high number of car accidents.
According to the current development of autonomous driving technology, many
organizations in the industry have established some autonomous driving algorithms
based on this problem, driving several kilometers on public roads without any
accidents.
But whether it is manual driving or automatic driving, the real driving scene is very
complicated. Therefore, this report uses reinforcement learning algorithms to train
vehicles to learn how to drive autonomously in a simulated environment and better
solve traffic problems in the real world.
Through our work, we use the Carla environment and provide three types of operating
models; the first is a new algorithm based on PPO, which includes setting up a fixed
route based on the starting point and end point, setting the speed at which car
approaches the target speed, and the second is The PPO-based reinforcement learning
algorithm optimizes the training after the rewards design, so that the vehicle can
safely drive on the route, and the last model will be based on the vehicle on the route
ahead to avoidance vehicles.
When training these environmental models, we have designed different decisionmaking methods for various environments, such as training formulas with different
rewards, or using environments with or without checkpoints, which will affect the
learning results of the generated agent.
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CHAPTER 1. INTRODUCTION
1.1 Overview
In this society, we are increasingly eager to automate daily tasks and eager to use
technology to bring us a safer, more convenient and reliable living environment. For
example, we can create an autonomous vehicle to solve life and traffic problems.
This is the problem we hope to solve when creating self-driving cars. Although the
idea of creating self-driving cars is ancient and well-known, it is only recently that we
have begun to see a small number of applications for autonomous driving. And the
technology of autonomous driving is very mature. With the introduction of other
computer vision and artificial intelligence solutions, we believe that the current
development of autonomous driving research is important and feasible.
Autonomous driving can perceive the environment through modules such as cameras,
optical radars, GPS, etc. Advanced control systems can be based on the perception
data obtained by various modules. Using these data can make the control data system
perform appropriate actions according to different road conditions. To navigate the
road, the self-driving car can use this data to perform different operations, so that the
car can follow the user’s goal and lead them to the destination.
In order to establish an efficient driverless car system, traffic pressure can be relieved,
so that the traffic system can reduce pressure and increase transportation efficiency.
Due to the automatic driving based on general trajectory driving, the vehicle will
travel on a fixed track, and it is difficult for general machine learning to have the
same thinking like a human to determine the path that should be changed at some time,
so we hope to use a scoring algorithm through reinforcement learning The realization
that autonomous driving has become more and more can only solve some problems
that have never been encountered, hoping to make the stability and accuracy of
autonomous driving on the road.

1.2 Autonomous Driving
In self-driving cars, self-driving means that the car will automatically deal with the
complex problems encountered on the real road. This is a very complex system. Since
the car needs to solve the automation problem in real time, the International Society
of Automata Engineers is a self-driving car. Define the following standards:
• Level 0 - The vehicle is driven by a human driver with full authority. The driver is
the only person who interacts with the vehicle control system.
• Level 1 - The driver shares control of the vehicle with the automation system. An
example of a self-driving car with level 1 is a car with an adaptive cruise control
system. Use driver assistance systems to perform driving mode operations such as
acceleration, deceleration, and steering, and the rest of the actions must be performed
by the driver.
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• Level 2 - Partial Automation: The system fully controls the steering and speed of the
car, but if the system fails, it must be prepared for manual intervention.
• Level 3 - Most driving operations are completed by vehicles. Human drivers need to
keep their attention for emergencies. They will need to respond within a limited time.
• Level 4 - All vehicle driving actions must be completed automatically by machinery.
The driver does not have to focus on the road, but the environment and conditions of
use are subject to certain restrictions. If the car cannot be driven, the driver still needs
to control the car, otherwise the car will only be safely parked in the original place.
Ground.
• Level 5 - Full Automation: The specific driving mode performance of the automatic
driving system on all aspects of dynamic driving. No manual intervention is required.
Today's cars consist primarily of Level 0 ("no automation") and Level 1 ("hands-on")
self-driving vehicles. Some automakers, such as Tesla, have produced commercially
available vehicles with features that are considered Level 2 ("hands-off") automation,
such as automatic lane changing. There are also examples of commercial and noncommercial vehicles with Level 3 automation ("eyes closed"), such as the Audi A8's
"Traffic Jam Pilot," which can drive a car at speeds of up to 60 km/h in traffic jams.
There are no commercially available Level 4 ("attention") or Level 5 ("steering wheel
optional") vehicles, but they are still evolving, and Waymo's self-driving car is an
example of autonomous driving. Level 5 automation is naturally the ultimate goal of
self-driving research and development.

1.3 Components of an Autonomous Car
An autonomous car requires several systems or components which solve their own
individual task. We may divide such a system into the following categories:

Sensor fusion
What components do smart driving cars need? When designing a self-driving car, we
should consider the components and sensors required for optimal driving. At the core
of these changes, we can usually find that manufacturers are faced with three main
types of sensor options-photographic lenses, radar, or optical radar. When these
sensors are coupled with a powerful computer system, the vehicle can attempt to
survey, understand and navigate its surroundings. But what are the main differences
between these three types of sensors?
Cameras
The photographic lens is a well-known mature technology. They are also reliable and
relatively inexpensive products. Nowadays, vehicle applications that usually rely on
photographic lenses, coupled with infrared lighting, can also be used for
demonstrations to some extent at night. But they also have some obvious limitations.
Lidar
It has been used to accurately calculate the position, speed, and direction of airplanes,
ships, and other moving objects. The working principle of radar is to transmit radio
waves to the destination area and monitor the reflection of any object. Analysing the
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frequency of these reflections also reveals their relative speed. The reflection from a
close object moves upward, and the reflection from a receding object moves
downward, and the effect experienced when changing the distance is similar.

Figure 1: CARLA Environment Sensor ( left :camera sensor )(right: lidar sensor )

Path and Road Planning
Positioning on a high-resolution map may use a positioning system such as the Global
Positioning System (GPS). that given a rough estimate of its position on the map, a
car can determine a better position by using the information it collects from the
surrounding environment. For example, by correlating its observations with estimates
of where nearby buildings should be based on the interior map of the vehicle.

Perception and Forecasting
This is about sensor data, and generates predictions of various types of attributes for
static and dynamic objects in the environment, such as object position in 3D space,
object trajectory, object type, etc. Pedestrians are examples of dynamic objects that
are tracked, while static objects may include tracking lights, signs, lamp posts, etc. In
addition to understanding the meaning of various road signs and signals, the module
should also be able to determine the location of static objects (such as lane lines and
signs). Traditional RGB cameras, infrared cameras, LiDAR laser scanners, etc. can be
used to extract the perceptual information.

Control and Planning
The plan is to find out how the car can be manipulated to accelerate, break and steer
so that the car can navigate from location A to location B. To control, the vehicle
should use the output of its sensors or potential sensing modules to determine a series
of controls. Ideally, the vehicle should be able to drive without any accidents with
other vehicles, bicycles or pedestrians.

Automatic Car Simulators
Before deploying your model to actual vehicles, we must have a way to test and verify
our control algorithms. This is the main purpose of creating an emulator. Since we use
the simulator to verify the algorithm before deployment. Therefore, the simulator
must simulate the real environment as closely as possible, so we will use CARLA to
simulate the environment to train for autonomous driving.

1.4 The Challenge of Autonomous Driving
From the Lane Departure Warning System to the Brake Assist System (BAS), the
current advanced driver assistance system lays the foundation for the future of
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autonomous driving. Continental is making full use of its innovative capabilities to
push this trend forward and is committed to developing intelligent technologies that
take on more and more driving functions according to the needs of drivers. Its
advantages are higher safety, more comfort and convenience and efficient. However,
there are still certain challenges in the face of autonomous driving, including the
following:

Sensor device:
Driving without an accident is no longer a wild idea. Its reality is based on advanced
driver assistance systems, in which sensors installed can record the area around the
vehicle like a human. The sensors installed therein can record the area around the
vehicle like a human.
For example, the use of radar distance sensing instead of driver observation can not
only improve safety, but also reduce the accident rate of cars.
In order to realize sensor fusion and finally realize the purpose of evaluating sensor
data, various countries are studying the application of artificial intelligence, and make
full use of the extensive application of sensor technology and electronic control unit
in the development process.

Safety and Security:
Regarding security, all smart machinery and equipment are the same. Especially for
network security issues, smart cars will be at risk of network intrusion and
intervention. Once controlled by network intrusion, the consequences will be more
serious than any smart device.
Whether the level of intelligence is sufficient is also the most important part of safety
issues, such as road planning and positioning target recognition and exercise judgment.
Once the level of mechanical intelligence learning is insufficient, it may mistakenly
identify pedestrians and make wrong road planning. This will have a very serious
consequence

Autonomous driving ethics:
When each vehicle is equipped with an interior facing camera, people can be easily
tracked and identified, behaviour that may violate existing laws. In addition, in some
cases, self-driving cars may encounter ethical problems. The most common situation
is when the car encounters a dangerous situation. It is necessary to decide whether to
sacrifice innocent bystanders or vehicle owners.

System architecture:
The future autonomous driving system architecture must manage huge amounts of
data safely so that the data can be processed by the vehicle. The amount of sensor data
that needs to be processed in real time can reach 1G per minute. The ever-increasing
sensor output and the consequent increase in the amount of data place high demands
on powerful and reliable electronic systems and software architectures.

Reliability:
Today, advanced driver assistance systems have been used to support driver
operations. If a breakdown occurs during automatic driving, the vehicle must be able
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to continue driving safely or stop safely. The related redundant braking system is
currently under development. Also consider the issue of manipulation protection.
Continental is collaborating with other partners in the IT and automotive industry to
find the problem in order to protect the automotive systems accordingly. Such safety
measures require continuous updates of vehicle software to ensure that the latest
technology is used throughout the entire life cycle of the vehicle.

Acceptable for autonomous driving:
People can only accept autonomous driving if they trust the technology they use.
Trust starts with an intelligent dialogue between the driver and the vehicle. The driver
must be able to accurately understand the next intention of the vehicle at any time.
Currently, developers of advanced driver assistance systems and driver information
systems have taken this issue into consideration. The continuous popularization of the
above-mentioned systems will gradually increase people's acceptance of future
autonomous driving functions.

1.5 Objectives
In this project, we decide to design a Reinforcement Learning (RL) algorithm to let the
auto-driving vehicles become more intelligent so that it can solve some problems that
have never been encountered before. For example, an auto-driving bus found an
obstruction on the scheduled route and it could not pass, so it supposed to find another
route, which was the best to complete the mission, by itself. The reason we choose RL is
that we do not need to give it a data set, not like other three kinds of machine learning,
RL can learn through each interaction with the environment. The agent will correct itself
to get the right result, we only need to tell it which step is right. Furthermore, about the
sensors, we will use the RGB sensor as the front camera to see the surroundings, use
collision sensor to check whether the vehicle crash or not, use GPS to get the current
location and destination to get the route. We also use PID controller to control the vehicle
moving on the road stability and accuracy. we set out to answer the following research
questions:
• What are the principles and methods behind the reinforcement learning algorithm, and
can the reinforcement learning method learn how to control and reliably solve
autonomous driving problems?
• How should we design the reinforcement learning reward function so that the agent can
obtain the desired driving behavior?
• Can we use deep reinforcement learning to train agents to drive safely in various
difficult environments?
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CHAPTER 2. Background
2.1 Machine Learning
2.1.1 Introduction
Machine learning is a branch of artificial intelligence. From "thought" to
"information" to "learning". Machine learning is a method of artificial intelligence, to
enable machine learning to solve the problems encountered by human society.
Machine learning has become a multi-disciplinary interdisciplinary field, including
probability, statistics, approximation, analysis, and solving complex mathematical
problems.
The so-called theory of machine learning is mainly design algorithms, among which
these algorithms can make machines learn. Among them, design algorithms include a
large number of statistics and probability, so machine learning is related to inference
statistics etc. machine learning algorithms can also be regarded as a kind of automatic
analysis of data, Find the laws in different degrees of data, and use these laws to solve
the algorithm of unknown data.
Among the algorithms of machine learning, the theory of machine learning focuses on
how to efficiently obtain algorithms to solve problems and solve many inference
problems, so the research part of machine learning is more oriented towards algorithm
learning and arriving at the use of algorithms to solve the problems.
The scope of use of machine learning is very wide, including data mining, computer
vision, speech recognition, biomedicine, stock data analysis, machine learning games,
virus detection, and various robotic technologies.
2.1.2 Artificial Neural Networks
Artificial Neural Network (ANN), referred to as Neural Network (NN),
An artificial neural network is a mathematical model that mimics a biological neural
network and is used to solve a problem.
Modern neural network is a non-linear statistical data tool, mainly to build a model
based on mathematical and statistical learning methods for optimization, so that the
first step is to derive analysis and practical application from a large amount of data
statistics, through a large amount of data, standard mathematical and statistical
methods can be used to represent the data local structure space using functions, in
essence, we will only get the local optimal solution, which is not This is not the case
for artificial perception in the field of artificial intelligence.
We make decisions about artificial perception by applying mathematical statistics,
which is essentially a statistical method that enables artificial neural networks to make
simple decisions and simple judgments like human beings, and this method is more
useful than calculus inference. Like other mechanical learning methods, neural
networks are used to solve a variety of problems such as autonomous driving, speech
recognition, stock prediction, and other problems that are difficult to solve using
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traditional rule-programming algorithms, and the simulated artificial neural networks
find the rules underlying the problem and simulate artificial intelligence to solve it.
2.1.3 Deep Learning
Deep learning is a learning method and algorithm based on artificial neural networks.
The so-called depth value is the value obtained based on the data feature learning.
Based on the mechanical learning algorithm, such as the observation value (image), it
can be expressed in various forms including the corresponding intensity value vector,
and it can also abstractly represent its length or a region of a specific shape, etc.
Using these specific marking methods, such as facial features, can make learning
tasks easier. The advantage of deep learning is to use supervised and supervised
feature learning to solve problems, and instead of manually extracting features
according to the hierarchical feature extraction algorithm of universities. It can make
the problem better obtain the characteristics and then solve it through learning.
Using this method can make it easier for mechanical learning to extract feature values
and build better models, so as to learn from unlabeled data on a large scale and use
neural network and other information processing methods to make neurons respond to
the brain center. Calculate to establish a relationship and calculate a specific law.
There are several deep learning frameworks, such as deep neural networks,
convolutional neural networks, and cyclic neural networks. These forms have been
applied to solve problems, such as computer vision, natural language processing,
audio recognition, and biology. Solutions to problems such as messages have
achieved excellent results. In addition, deep learning has become a popular term, and
it also represents the method of artificial neural networks to solve problems.

2.2 Reinforcement Learning
2.2.1 Introduction
Reinforcement learning is a branch of memorizing learning, which mainly emphasizes
how to take different actions according to the data of the environment and obtain the
maximum expected benefits. Reinforcement learning is the third basic mechanical
learning method besides supervised learning and unsupervised learning. Different
from supervised learning, reinforcement learning does not need to extract the values
of features, or mark any input and output values, or correct correction of the optimal
solution. The focus is on self-exploration and mining in unknown areas and based on
the scores and Existing knowledge acquisition correction, for example, in the problem
of multi-arm robots, in the limited MDP, the "exploration-utilization" exchange in
reinforcement learning has received considerable research and good results.
Reinforcement Learning (RL) is a field of machine learning, which is to learn "what
to do (that is, how to map the current situation into actions) to maximize the
numerical gain signal". The learner will not be told what actions should be taken but
must try to discover which actions will produce the most profitable.
Reinforcement learning is different from supervised learning and unsupervised
learning in machine learning. Reinforcement learning is the third machine learning
paradigm, parallel to both. Reinforcement learning brings a unique challenge-the
trade-off between "trying" and "learning." The agent’s existing experience is to gain
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benefits, but also to experiment, so that in the future, you can get better options for
action. This means that actors can learn from their mistakes and get good results.
In reinforcement learning, there are two objects that can interact: the agent (Agent)
and the environment (Environment):
Agent: It can perceive the state of the environment (State) and learn to choose an
appropriate action (Action) according to the feedback (Reward) to maximize the longterm total revenue.
Environment: The environment receives a series of actions performed by the agent,
evaluates the series of actions, and converts them into a quantifiable signal for
feedback to the agent.

Figure 2: Reinforcement learnin loop.

l

S is all possible states in MDP

l

A is all possible actions in MDP. Also expressed as possible actions in state s

l

P(S' | S , A) is the probability of transitioning to state S' when action A is taken

l

R(S , A) is an immediate reward signal for taking action A in state S.

Model-based vs. model-free
Model-based methods are methods that try to model how the environment works. If
the agent is in state s and action a, it will get a new state s and reward r.
Intuitively, these observations can be used to approximate P(s'| s, a) and r(s, a). In
other words, we can approximate an environmental model. After approximating the
model, we can use the MDP solution algorithm (such as Bellman's value iteration
algorithm or Howard's strategy iteration algorithm) to find the optimal strategy given
the current environment model.
Model-free method is a method that directly optimizes the strategy without modeling
the environment. In many reinforcement learning problems, the state space and the
action space are continuous, so we only have a limited number of possible values,
which makes it impossible to effectively create an MDP model without approximation.
Direct optimization strategies also allow us to find good strategies through functional
optimization techniques (such as gradient descent).
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Fully observable vs. partially observable environment
In MDP, when the environment is fully observable, the agent can observe the
complete state of the environment at any time (the agent is "ubiquitous".) In this type
of environment, for example, chess, the agent will be able to be at any time in the
game Observe the positions and types of all chess pieces, so we say that the
environment is completely observable. When the environment is partially observable,
only a subset of the states is known. This is the most common reason for agents (such
as self-driving cars) in real life. The car may only be able to observe the environment
through the camera, which means it cannot know or observe the part behind it. The
observed MDP is also called the partially observable Markov decision process
(POMDP).
On-policy vs. Off-policy
On-policy: It means that I must be present and must learn while I play, improvement
is the strategy that will be used for decision making.
SARSA is a policy-based reinforcement learning algorithm [state->behavior->reward>state->behavior] for estimating the value of the policy followed. In this algorithm,
the agent has the best policy and uses the best policy to execute it. Unlike Q-learning,
the policy used for updating and the policy used for execution are the same.
Off policy is that you can choose to learn on your own, or you can choose to learn
because of watching others play, learning the behavioral norms of others by watching
them play, offline learning is also learning from experience. The example is QLearning, where the agent learns the best policy with the help of a greedy policy and
operates with other agents' policies. Q-learning is called off-strategy because the
updated policy is different from the behavioral policy, so Q-learning is off-strategy. In
other words, it estimates the payoff of future actions and attaches values to the new
state without following any greedy strategy. But these past experiences do not have to
be one's own; anyone's experience can be learned.
Monte-Carlo vs. Temporal Difference
Monte-Carlo learning, we calculate the complete trajectory before optimization.
Monte Carlo update means that after the game starts, we have to wait for the game to
end, and then summarize all the turning points in this round, and then update our code
of conduct. The Monte-Carlo method has smaller deviations but has a higher overall
training period variance during training
Temporal difference update is to update every step of the game, without waiting for
the end of the game, so that we can learn while playing. The advantage is that they
support non-cyclical environments. However, the TD learning method is more
susceptible to the deviation from the initialization of the agent parameters.

Figure 3: Monte-Carlo vs. Temporal Difference
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2.2.2 Reinforcement Learning Algorithms
This figure shows the main category hierarchy of reinforcement learning algorithms
and the relationships between them. The reinforcement learning algorithms mainly
include Value-Based algorithms and Policy-Based algorithms. also, Actor-Critic
aggregate algorithms derived from both parties. In the following, we will compare the
value base algorithm and the Policy-Based algorithm.

Figure 4: category hierarchy of reinforcement learning algorithms

Q-learning
Q-learning is an algorithm by storing Q-values and Q-states into a Q-table, which
maps states and action results to Q-values, which are expressed as expectations in
state Q(s, a), taking action a(a ∈ A) at a point in time (s ∈ S) in state s to obtain the
expectation, and the environment will return a reward according to the following
condition.
Q-learning is a learning algorithm based on time differences that can be used in
continuous environments and scenarios, but only in discrete states and action spaces.
The main idea of this algorithm is to create a Q-table to store the Q-values of different
states and actions. Then, the states and actions are selected according to the Q-table to
obtain the maximum benefit result. It is based on the Bellman equation, which is as
follows:

This is an equation that can be solved by dynamic programming. So we need to use
Q(s', a') to calculate Q(s; a), this is also an iterative algorithm, you can add time to
calculate.
In summary, the above formula is the Q-learning update formula. According to the
next state s', the largest Q (s ′, a ′) value multiplied by the decay γ plus the true return
value is the most realistic Q, and according to the previous Q table Q(s , a) is
estimated as Q.
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Figure 5:About Q-learning.

max Q(s', a') is the maximum Q-value of the next state, so r(s, a) + max Q(s', a')
represents the current maximum return of the best action in the next state s estimate.
The result will be stored in the Q-table, so that the best action can be calculated in
order to encounter the same situation next time.
This is the temporal difference from state S to S'; also called the 1-step time
difference. 0 < <1 is a scalar that determines the speed of updating the values in the
Q table based on the time difference (in other words, the learning rate). 0 < <1 is the
discount factor. When this equation is applied in multiple iterations, the Q value in the
Q table will converge to accurately predict the value of the return obtained by taking
action in a given state.

Figure 6: Q-learning Algorithm.

Algorithm 1 shows the complete Q learning algorithm. The key part of the algorithm
is the trade-off between exploration and development introduced by the greedy
strategy. A greedy strategy is a strategy, it will choose the best or "greedy" operation,
and a certain probability of random operation. In Q-learning, every step will update
the Q Table and then change the state, to ensure that our agents will fully explore the
environment before reaching the final policy. Because Q learning uses the greedy
strategy to select actions, and Q learning uses the max Q(s'; a') strategy to determine
the value of the current strategy, Q learning is a strategy reinforcement learning
algorithm.
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2.2.3 Deep Reinforcement Learning
Deep Q-learning
After the concept of Q-learning, we know that the entire Q-table is a table that stores
the Q value indexed by state and action. However, this index table can only be created
when the state and action are limited and not too many. Because the data in the actual
environment is very large, it is impossible to build a Q table to hold all the states. So
another huge system is For deep learning. DQN is composed of two huge systems, the
first is reinforcement learning, and the other is deep learning. A simple explanation of
DQN is to replace the Q table in Q-learning with a convolutional neural network. In
fact, the difference lies in choosing to use a deep neural network to help us extract
features and approximate the Q function we want. The concept of a neural networks
can easily lead to the concept of deep Q-learning.

Figure 7: Deep-Q-learning Structure.

When the state and action space are high-dimensional continuous, it is difficult to use
the inactive space of the Q-Table, and the state is too large. It can be seen from figure
upper that compared with Q learning, the Q value can be generated by replacing the Q
table with a fitting function, thereby converting the Q table update into a function
fitting problem, so that similar states can obtain output actions. We can combine deep
learning with reinforcement learning to be deep q learning.

Figure 8: Deep-Q-learning Algorithm.
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Algorithm 2 has several similarities with the original Q-learning algorithm. We are
also working on a greedy policy to encourage exploration. We also need discrete
action spaces, but the state space can now be continuous or high-dimensional. This
method is linearly proportional to the state space, in contrast to Q-learning which
grows exponentially. Since neural network training is an optimization problem,
optimize a loss function, that is, the deviation between the label and the network
output, and the goal is to minimize the loss function. For this, we need to have
samples, a huge amount of labeled data, and then use gradient descent to update the
parameters of the neural network through back-propagation. And here it relies on the
target Q value calculated by Reward and Q. After the above pseudo-code method,
each calculation is performed to update the neural network to approximate the Q
value, and finally, it can converge to a better result.
Experience replay- the most important trick:
Question: If the observed <s, a, r, s'> is input to CNN in the order of occurrence, then
the training result of CNN will be very affected by the recent<s, a, r, s'>. There are
great similarities between the samples successively input to CNN, which will cause
CNN to converge. To a bad local optimal solution.
Solution: In order to prevent this, we store all the <s, a, r, s'> we have experienced in
a replay memory. During the training process, a mini-batch gradient descent method
(mini-batch gradient descent) is used, and replay is randomly selected each time Some
samples in memory are used to avoid the above problems.
Advantage of Actor Critic
In fact, deep Q learning has a big limitation: it runs in a discrete action space. Deep Q
learning is useful for reinforcement learning with discrete action spaces, for example,
for playing games [actions are in the form of discrete button presses], but it may be
difficult to adapt DQN to control manipulators, or under automatic driving. A vehicle
with continuous acceleration, break and steering angle variables.
Actor-Critic is mainly an algorithm that combines value based and policy based. It
refers to the policy network when the actor is responsible for selecting the action, and
the value network when the critic is responsible for estimating the state of the state,
and the actor will update the model according to the value given by the critic. This
algorithm solves the problem of high variance by introducing an evaluation
mechanism. Specifically, Critic is like strategy evaluation to estimate the action value
function.

Figure 9: Actor-Critic Structure
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Proximal Policy Optimization
The Proximal Policy Optimization (PPO) developed by Schulman at OpenAI in 2017
is currently considered to be the best benchmark in reinforcement learning research. It
has better convergence than previous reinforcement learning methods. Because TRPO
is relatively complex and people want to achieve controllable constraints, Proximal
Policy Optimization (PPO) simplifies it by using restricted methods as the goal, while
retaining similar performance. Because it cleverly combines the loss of the reduction
strategy, and calculates the loss according to the probability ratio, instead of directly
optimizing the logarithmic probability of the strategy. PPO is an actor-critic method
similar to A3C, which combines optimization with appropriate gradients to stabilize
training. Creating a loss function can almost guarantee that the result is a relatively
stable range. the probability ratio between old and new policies as:

PPO to correct these deficiencies by reconstructing the objectives into limiting
objective functions that we can optimize in a gradient-appropriate manner. However,
let us first reconstruct the above objectives as unconstrained loss functions:

PPO is a participant criticism method similar to A3C. The method uses [new strategy
/ old strategy * average value]. The expected value can make the result more stable
and optimize the trust zone with an appropriate gradient Combine to stabilize training.
Creating a loss function almost guarantees that the seat strategy will be monotonously
improved. PPO attempts to improve the "Trust Zone Policy Optimization" (TRPO) of
Schulman et al. This rule formulates an objective function that limits the update step
to a certain lower limit (called the trust zone).
IS stands for Importance Sampling. This is because the loss function can be explained
based on importance sampling. In order to directly optimize the agent strategy
through the first level of optimization, we need to calculate

, the loss

function
is the loss function represented by the ratio between the old strategy
and the new strategy. Through the chain rule, we can prove that these gradients are
actually the same, so the following formula is obtained：

This means optimizing

using the gradient proper method. This is equivalent to

optimizing the strategic gradient

.

The final function clip(r(θ), 1-ϵ, 1 + ϵ) cuts the ratio to no larger than 1 + ϵ and no
smaller than 1-ϵ. The target function of PPO minimizes between the original value
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and the restricted version, so we lose the incentive to increase the policy update to the
limit to obtain better returns.
Finally, we can now use a gradient-appropriate approach while imposing a confidence
region constraint on the loss function based on the old and new policies. Let
The following loss function limits are proposed：

Of course, when PPO is applied to a network architecture with shared parameters of
policy (actor) and value (critic) functions, In addition to certain restrictions, the
objective function actually adds an error term for value estimation and an entropy
term, in order to make the formula have full exploration possibilities.

Figure 10: PPO , Actor-Critic style Algorithm

Algorithm 3 is the algorithm of PPO. This algorithm is almost identical to A2C; it
mainly uses the policy (actor) and value (critic) strategy and takes the new policy/old
policy out of a relatively stable policy according to the formula and replaces the
standard policy gradient loss function with a limiting loss function Finally, the
gradient update is repeated for random small-batch samples in K time periods, in
order to optimize the model to limit the expected value. Finally, the new strategy
replaces the old strategy to complete the update process.
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CHAPTER 3. Project Design
3.1 Proximal Policy Optimization in Driving Environments
Proximal Policy Optimization (PPO), whose performance is equal to or better than the
latest technology and is easier to implement and adjust.
In fact, this is a very modest statement. Because this algorithm has convergence
problems in the strategy gradient method, although it can be solved by using natural
strategy gradients, in practice, natural strategy gradients involve some second-order
derivative matrices, so this algorithm cannot be extended to large-scale problems. The
degree of complexity is too high, so it is difficult to study in depth. But the method of
using PPO is slightly different. It does not need to impose constraints but uses the
constraint form as the penalty in the objective function. By avoiding all penalties, we
can use the gradient descent method to optimize the target, that is, it is possible for us
Violation of the constraints will result in much less damage, which makes the
calculation of the reinforcement learning algorithm easier. For the algorithm part,
please refer to chapter 2.2.3
Later, we will use this idea in the autonomous driving environment. The autonomous
driving simulator we use is CARLA, which can simulate the real driving environment
very realistically. Among them, we will optimize this algorithm to simulate the
automatic driving of the school bus from point A to point B in the campus.
3.1.1 Implementation Details
For our experiments, we already tried the value-based Deep Q Learning algorithm but
found that the experimental results are poor, so we decided to use that new algorithm
(PPO) base on Actor-Critic.
We decided to use near-end strategy optimization because it is one of the deep
reinforcements learning algorithms for continuous control. PPO is a model-free,
policy gradient-based reinforcement learning algorithm, which uses the first-order
trust domain standard to prevent errors. Next, we will study the effect of this
algorithm in an autonomous driving environment.
3.1.2 Setup
The implementation was written in that environment:
- Python 3.6
- TensorFlow 1.13
- OpenCV 4.0.0
- OpenAI gym 0.12.0
- CARLA Environment 0.9.5 and 0.9.10
The simulations and training were run on a system with a single Nvidia GTX 1080Ti
with 8 GB of video memory, a i7-8700k CPU, and 32GB of RAM.
3.1.3 Algorithm
According to the algorithm of the program PPO, our algorithm design method is to
first define the two neural networks Actor and the Critic Network, and then input to
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the neural network in the Actor-Critic PPO algorithm according to the RGB lens
conversion status of the CARLA environment, and then use the Critic Network
Calculate the value of the rewards of each action based on the environment state, and
then let the Actor-Network module determine what state and the value obtained to
train to obtain valuable actions.
In the process, L Clip will be used for optimization training The strategy that comes
out finally goes through a non-stop loop to train a good Actor and Critic Model.
The following picture shows The Actor-Critic PPO algorithm process:

Figure 11: Actor-Critic PPO algorithm process

The following is an example of using a program based on the PPO algorithm [2.2.3]
formula. The following program mainly implements the four PPO formulas:

Figure 12: PPO algorithm main program

3.2 CARLA Environment Experiments
In addition, we are very interested in knowing whether these algorithm test
experiments are still valid in real life environments. In real life, the image is not
necessarily as clean as in the simulator without noise and depth. Even
misunderstandings of distance can cause car accidents. Moreover, the width and
length of roads in real life are different. Some roads are not even marked with traffic
lanes. In other words, we need a more realistic environment for training, so we use the
Clara environment to simulate the real environment with the lens. The problems
mentioned above can all be implemented and tested in Clara.
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3.2.1 Carla Environment
We will use the city driving simulator CARLA (version 0.9.5 and 0.9.10) to test our
algorithm in a more difficult and realistic driving environment.
CARLA is open source. It is a built-in simulator in Unreal Engine 4 for autonomous
driving research. In simulating common urban driving scenarios, it has seven different
completed maps. We will use one of these maps to complete the simulation of driving
around the map this time, and it will provide general APIs that allow us to generate
vehicles, cameras, Various sensors even generate pedestrian and traffic light systems.
Because of the authenticity of this simulation, we like to use it very much. The figure
shows screenshots of four maps. In terms of reinforcement learning, it does not have
built-in functions to support demonstration codes. But in training reinforcement
learning agents. The authors of CARLA use the A3C algorithm to train reinforcement
learning agents, but only provide their results, and provide modules of automatic
driving results for us to use interactively for other algorithms that need to learn
automatic driving.

Figure 13: Screenshot from map (a) Town01 (b) Town03 (c) Town04 (d) Town07

3.2.2 Environment Design
Map
First of all, we chose a map for designing the environment. Since we need to simulate
the school bus moving around the school from point A to point B, I chose a most
similar map, Town07. Secondly, we found that this map simulates these environments
very well. Because these are some rural roads in Pinghua, and the relatively densely
connected location is in the center of the map, there will be traffic signs, stop signs
and speed limit signs on the map, and some roads without ground lines, in our test In
the environment, we will ignore all traffic signal signs to make our training process
smoother and simpler. In order to realize our algorithm can be tried very well on this
map, and there are some turning positions over 90 degrees, and the separation of
intersections. Location, this allows us to test whether this algorithm can be applied to
automatic driving, even a section of the road is covered with wheat, so that it can be a
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very good test whether there are different environments for smooth reinforcement
learning automatic driving.

Figure 14: Screenshot from map Town 07
(The car will start from orange dot)

Vehicle and Sensor Setup
In this part we will describe the settings of the vehicles and sensors we use in the
environment. In order to imitate the campus bus as much as possible, we used
Volkswagen T2 with automatic transmission. The vehicle is equipped with a front
camera, which is installed in The front of the car, and there is a lens in the driving
position for viewing. Secondly, there is a collision sensor to detect whether the car has
been hit, and finally there is a line-crossing sensor to detect whether the car has
crossed Ground wire. Crossing the bottom line module is not added to the Reward
calculation due to status issues, and the front lens output is 160X80RGB, the camera
will extract photos from the environment and use VAE processing. But because this
report is about the self-driving reinforcement learning algorithm Therefore, we
directly refer to the VAE processing image algorithm to solve this problem.
Environment Inner-Workings
Objective: the actor can follow a specific speed to drive on the suburban roads of the
Town07 map and will not deviate from the center of the lane to complete the map. As
shown in the map, the vehicle will pass through seven intersections, and each
intersection will have to follow Driving on the original route does not change the
original route. The total length of the route is about 1250m. The program will not
terminate until the entire lap is completed, and the bus will follow the route clockwise.
Action Space: Due to environmental constraints, our vehicles will strictly follow a
specific speed. The speed range is determined by (-1 < < 1 )-tuples and we will not
add brakes. Since we will not join other cars for training during our learning process,
we did not consider traffic rules. Complete the training under the circumstances.
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Termination Criteria:
this is the termination criteria for the environment are follows as:
1. if the vehicle deviated more than 2m away from the center.
2. if the vehicle slower than 1.0 km/h after the first 5 seconds of the episode has
passed.
3. the vehicle were completed one laps > success.
4. Have collision something use Collision sensor detect?
5. the min speed is 20 km/h and max speed is 40 km/h

3.3 Reward Design
I think that different reward methods can affect the final behavior and training speed
of agents, and even make specific solutions to problems. So I designed three different
reward schemes and compared and solved this task in the Clara environment.
Reward 1 - keep speed and distance close to target:

Figure 15: Reward 1 algorithm

Through these reward functions, we hope that the agent will reserve some turning
ideas when approaching in speed, in order to achieve the target speed. So we are
designed to lose 10 points if we encounter accidents, and if we can maintain a good
speed, we will get a good score, and we have carried out different classifications
according to different speeds. From the perspective of speed, it is difficult for the
agent to learn. The relevance of steering, so we added [d norm] in order to show that
the closer the vehicle is to the center line, the higher the score, so from the expected
results, as long as the vehicle can maintain a good speed and is very close to the
center line. Get the maximum score value. Finally, we added the maximum speed and
the minimum speed to limit. In order to keep the vehicle speed above the minimum
and below the maximum, we have divided three formulas according to the original
formula.
Reward 2 - Multiplied Centering, Angle and Speed Rewards:

Figure 16: Reward 2 algorithm
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In addition, I also want to add some extra rewards to encourage cars to align to the
center line. The idea behind this addition is derived from the idea of PID algorithm,
because the PID algorithm uses the angle to subtract some potential errors, I also hope
to use The following methods can improve the steering performance, prevent the
vehicle from turning too much error, and hope to make the vehicle run more smoothly.
So in this reward function we added the value of the angle Angle, which is the angle
between the center of the route and the direction of the car, and based on these
rewards, we do a multiplication method, so that we don’t add up all the values. But
through normalization, as long as one of them reaches 0, the whole score will change
to 0. This advantage can force the vehicle to strictly judge the vehicle according to
these three conditions at the same time. There is the concept of and algorithm, and
because The three actions are different. Using this method can better limit the score
and get better results.
Reward 3 - Learn to avoid vehicles while driving:

Figure 17: Reward 3 algorithm

Finally, during driving, the vehicle in front will often stop and block a certain road. If
the vehicle waits for the vehicle in front to leave before it can continue to run, this
will cause very serious traffic congestion. So that, I hope to reduce reward by being
close to other vehicles, so I added a condition that as long as the vehicle in front is
very close to itself, the reward will be reduced exponentially until the vehicle leaves
the original route to the next route. last we had keep the angle between the car and the
route, so if it can run smoothly, the car should move to the second lane to avoid the
vehicle in front in order to maintain the angle.
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CHAPTER 4. Results
4.1 Effect of Reinforcement Learning Algorithm
DQN vs PPO vs SAC: In order to ensure that we can use the best algorithm to solve
this problem, we try to compare these three current mainstream reinforcement
learning algorithms with OpenAI benchmarks. Based on our test, the value-based
algorithm cannot be used for continuous problems, so we SAC and PPO will be
considered as the main method to solve the problem, and SAC is an off-policy
algorithm, we using it did not get very satisfactory results, so we finally narrowed the
scope to the on-policy PPO algorithm to solve this problem.
4.1.1 Deep Q Laerning for Self-Driving Idea
In the beginning, we tried to use Q-learning, a reinforcement learning algorithm to
solve discrete problems, to play some small games. We found that this statement is
very easy to solve and get the best solution for small games, but it takes a very long
time and you have to try all the game conditions to get the optimal solution. This is an
unreasonable thing, so we added a neural network to learn Deep Q-learning and try to
apply it to The problem of autonomous driving is solved above.
Our assumption was that we only need to use ordinary reinforcement learning to
complete our goal. We thought that we only need a reinforcement learning model and
use the algorithm Q learning to easily complete the automatic driving.

Figure 18: scientific hypothesis about auto driving.

According to our hypothesis, we feel that if we first use the PID controller to
determine the driving of the vehicle, we will complete a preliminary vehicle that goes
around the track, and then add reinforcement learning, use the neural network and
then add the camera and distance The features of sensors, collision sensors, etc. allow
the machine to learn automatically. In theory, we expect to obtain a smarter method of
autopilot than ordinary cars driving around the track, and we are about to try this plan.
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However, after our results, the possibility of this matter is very low. The final result is
that the vehicle can only move forward or make a circle on the spot as a solution, and
according to the output data, the vehicle just can go to a fixed point reward and will
not rising , so we conclude that value-based algorithms are not suitable for solving
autonomous driving problems.
4.1.2 Deep Q Laerning for Self-Driving Result
After our test the fact it is not as good as ours think. As expected, we have found that
there are many factors that will affect autonomous driving. The probability of each
time the vehicle learns the real way to go is too small, so we should switch to another
policy base method.

Figure19: result of the evaluation.

Now, we've only done 100 episodes. I suspect we'll need more like 100,000 episodes
to see anything decent, provided the rest of our issues are solved as well.So after our
tests, the facts are not as good as we thought. Even if we later provided the option of
braking, it did not help much. Unsurprisingly, we found that there are many factors
that affect automatic driving, and it may indeed be a situation that requires more time.
DQN may be good for long learning things, but the possibility of each vehicle
learning the true travel route is too small, so we should switch to another algorithm.

4.2 Result of Proximal Policy Optimization Algorithm
Reward 1 - keep speed and distance close to target:
Here is a program converted from the reward 1 algorithm:

Figure 20: program of reward 1 algorithm.
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After our training, the vehicle quickly learned to walk according to the route, but
some swing problems occurred when turning, because the vehicle did not add the
angle between the road surface and the vehicle to the reward for training, so the
vehicle needs to turn The scene encountered the problem of unevenness, but it
provides some improvements in the speed of the reward function. Compared with the
DQN algorithm, the PPO algorithm optimization has achieved good results. The
model reached the average value around 8h, and the evaluation distance can be
walked. It is 1700m, and the experiment of making a circle around the environment is
completed within 13 hours，The following picture will show the upward trend of the
reward 3 training model in the early stage, and it will not stabilize until 13 hours later.

Figure 21:result of reward 1

Reward 2 - Multiplied Centering, Angle and Speed Rewards:
Here is a program converted from the reward 2 algorithm:

Figure22: program of reward 2 algorithm.

This reward method is much better than the first reward method. The biggest
difference is not only the steering is smoother, but also the environmental
problems are solved faster. It is obvious that the peak value can be reached
within 7 hours faster than the previous environment 3 By 5 hours, this is by far
the best agent in terms of driving behavior. It will not turn irregularly and will
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maintain the speed limit. According to multiplying the reward, the agent's
income can be forced to increase, and multiple conditions can be met
simultaneously when driving. In this case, the car shows that it has a speed
close to the target, and by adding the angle between the car and the road, the
car travels more smoothly and can complete our surround map task.

Figure 23: result of reward 2

Reward 3 - Learn to avoid vehicles while driving:
Here is a program converted from the reward 3 algorithm:

Figure 24: program of reward 3 algorithm

Finally, this reward method exists to solve the problem of avoiding vehicles, so this
algorithm does not guarantee that the vehicle can move smoothly on the road, but it
does have the ability to avoid other vehicles, as long as the vehicle is basically trained
after 1 hour Learn to avoid the vehicle in front, but it is possible that the result of
training can only avoid the specific learned vehicle. It can be seen from the result that
the results of this training movement and deviation from the center line are quite
unstable, because the vehicle is not sure when to avoid According to this algorithm, if
the vehicle in front needs to avoid the vehicle and can walk smoothly on the road, it
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may require more training time and algorithm changes, but there is a basic statement
that the result is feasible.

Figure 25: result of reward 3

It can be seen from the following result graph that when the distance of the vehicle is
close to itself, there will be an obvious trend of avoiding the vehicle. The result will
return to the original route, but the result is still not smooth, so some debugging and
algorithm changes may be needed to make it. The vehicle is safer and more peaceful,
and it handles avoiding obstacles and other issues.

Figure 26: algorithm of avoiding vehicle
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CHAPTER 5. Ethics and Professional Conduct
5.1 The law of ethical issues in autonomous driving
In real life, the scope of development of artificial intelligence is becoming wider and
wider. From the unattainable and dream-filled vision of driverless cars in the past, it
has gradually become an application that is close at hand. After the traffic accidents
caused by uber driverless cars, driverless cars are facing real ethical challenges. At the
same time, it also determines how driverless cars should avoid such accidents in the
future development, and in-depth research and discussion , Making driverless cars
more ethical.
Regarding the ethical problems faced by autonomous driving, even if all technologies
can be solved, whether in theory or practice, autonomous driving will not be 100%
safe and will always make mistakes. Therefore, how to avoid errors before mistakes
has become what we humans should pay close attention to. point.
The solution is similar to Isaac Asimov's "Three Principles of Robots":
1. Robots must not actively harm humans;
2. When the first item is met, the robot cannot see the human being harmed without
saving;
3. In the case of satisfying the first and second items, the robot cannot injure itself.
The algorithmic principles for driverless cars are:
1. The principle of not actively harming;
2. The principle of self-insurance in the case of meeting Article 1;
3. The principle of least harm when satisfying Articles 1 and 2.
Similar to the subconscious actions of human beings in emergency situations:
emergency braking and steering. However this "principle of least harm" is difficult to
quantify.

5.2 Ethical issues in autonomous driving
In today's society, the occurrence of a traffic accident is a high probability event. Even
when the control of the vehicle is in the hands of humans, when an accident occurs,
the driver must act according to the situation on the scene, the past driving experience,
and to a large extent the instantaneous instinct. To make a decision, the human driver
will bear the social and legal responsibility for his decision.
But in the field of automated driving, which relies on programs to make decisions, we
need to make choices in advance about how to teach programs, and then we have to
make choices in advance: whose safety should come first when an accident cannot be
avoided? How can we explain the reasons behind this?
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A paper from the Massachusetts Institute of Technology examines how people from
different regions and cultures around the world view this ethical issue. In the famous
"tram dilemma", do you choose to let a runaway tram hit five people on the tracks, or
pull the lever and let the tram switch to the side track and kill an innocent passer-by?

Figure 27: The moral dilemma of autonomous driving

Like the moral dilemma of autonomous driving in the picture, if it is a human driver,
there is a high chance that it will choose to crash into a puppy, but for artificial
intelligence, these are all lives. If there is a driver in the car, you may have to consider
driving Whether the staff is in a certain degree of danger before making a decision.
So we need to address these ethical issues to determine whether we should put the
safety of drivers and passengers first in the event of danger from automated driving?
It is understandable that these companies are vague about the ethics of autonomous
driving because, on the one hand, their technology is far from mature enough to
accurately distinguish between the young and the old; on the other hand, when they
express a preference for protecting some people, they always offend others. This is
where the ethical dilemma of autonomous driving gets complicated.
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CHAPTER 6. Conclusions
6.1 Conclusions
Reinforcement learning is an algorithm for self-learning through changes in
environmental conditions and continuous adjustment of actions. Many different
methods are derived from this self-learning algorithm, such as value-base and policybase algorithms, each of which is said It can solve different problems. For example, a
good actor will be trained in a specific game, but it is only based on a discrete data
environment, and autopilot will be more suitable to use a policy-based algorithm,
because for continuous problems Above, separate the two neural network actor and
critic network to calculate different requirements, which will better solve these
problems.
In order to cite our ideas, we used various algorithms in the Clara environment to
solve the problem of autonomous driving and used to solve and create autonomous
driving agents. We have verified the previous research, showing that the policy base
algorithm is better to help deep reinforcement learning be used to solve continuous
problems such as autonomous driving. In addition, we have also proved that different
reward algorithm designs can be used to solve different challenges, such as the three
rewards I have implemented can ensure that the vehicle runs smoothly on the road,
and the other can ensure that the vehicle avoids obstacles on the road.
Some challenges were encountered in establishing the final environment of CARLA.
We finally created a self-contained deep reinforcement learning system to be used in
conjunction with CARLA and conducted an in-depth analysis of the impact of
multiple parameters of the system (such as selection). Information on bonus features,
standard deviations, environmental synchronization, and environmental checkpoints.
Finally, the experiment conducted in the "route" environment is just a simple proof of
concept, showing that an agent with sub-strategies can learn how to navigate to a
destination waypoint by switching the current strategy according to the route planner's
command.

6.2 Contributions
Below we will summarize our contributions to the field of deep reinforcement
learning and autonomous driving learning:
• We created two types of test environments for CARLA, one of which is to simulate
a campus bus circle around the city. This experiment focuses on training agents from
point A to point B. Compared with other people's experiments, although we can find
existing examples of CARLA's environment, there is no officially recognized
implementation method of reinforcement learning PPO. Most third-party
environments do not provide examples or they can use outdated reinforcement
learning algorithms, such as deep Q learning. So our simulated campus bus has
realized the idea of a circle around the city.
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• We have conducted extensive analysis and testing on a variety of reinforcement
learning algorithms, with the goal of finding the best algorithm to train self-driving
agents based on reinforcement learning.
• We have conducted an in-depth analysis of several aspects of the design of the
reward function of the PPO algorithm, and optimized the stability of automatic
driving according to the reward algorithm, and according to the reward algorithm, we
know what conditions in the automatic driving can make driving more stable And
change according to the rules we want.
• We have used what we have learned to design 3 models that can reliably solve the
autonomous driving problem in the CARLA environment in about 7-10 hours on
average.
• We have provided an example of how to use strategy and PPO navigation algorithm
to successfully solve the problem of autonomous driving. We found that it has
achieved a certain degree of success in the route environment we set.

6.3 Project Execution Schedule
Semester 1
Install Carla Environment
Read Carla document
Learn Q-Leraning(GYM-cartpole)
Learn Deep Q-learning (GYM-cartpole, Flappy bird)
Run a sample code in Carla
Read materials and write the value base program
Use DQN, front camera, collision sensor to train the module

2020/09/21 – 2020/09/28
2020/09/29 – 2020/10/04
2020/10/06 – 2020/10/14
2020/10/15 – 2020/11/03
2020/11/04 – 2020/11/17
2020/11/18 – 2020/12/04
2020/12/08 – 2020/12/28

From the first semester, we obtained this project plan and started to learn about the
Clara environment in the laboratory and learn to install it. Since we did not
understand reinforcement learning at the beginning, so we learning in Q learning,
deep Q learning, and using games in GYM framework to learning reinforcement
learning. After completing the exercises on reinforcement learning, we learn to create
objects in the Clara environment and call API , and learn from other people’s code,
try We introduced some reinforcement learning autopilots about basic Q learning, and
then we added a camera for deep Q learning and changed the scoring method of
reinforcement learning.

Semester 2
Learning the PID control
add PID control status to DQN learning reward function
Learn Policy Base Algorithm (AC algorithm)
Try and learning AC and PPO algorithm use gym cartpole
Write the program use PPO algorithm in Carla
Debug for the PPO Carla program
Define the PPO reward function for training the module
Write the program for testing the PPO reward function 1
Write and the PPO reward function 2 and 3
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2020/12/29 – 2021/01/09
2021/01/10 – 2021/01/23
2021/01/24 – 2021/02/06
2021/02/07 – 2021/02/20
2021/02/21 – 2021/02/06
2021/02/07 – 2021/02/20
2021/02/21 – 2021/03/06
2021/03/07 – 2021/03/20
2021/03/21 – 2021/04/03
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Adding the collision and lidar sensor to the program
Compare the reward and optimization the Results
Synthesize existing data and analysis information
Write the final report

2021/04/04 – 2021/04/24
2021/04/25 – 2021/05/08
2021/05/09 – 2021/05/15
2021/05/16 – 2021/05/24

In the second semester, because we need to simulate the automatic driving of the
school bus from point A to point B, and we found that the coupon algorithm cannot
solve these continuous automatic driving problems, we relearned the new algorithm
Actor-Critic, and from it Get a new direction and use the new algorithm PPO to solve
the problem of autonomous driving. Secondly, I have made a lot of effort in the
CARLA environment, because I need to learn how to use Clara data and information
and analyze them, and then we will use these The data combined with the algorithms I
learned to write programs, and created some relatively different rewards, in order to
complete the autonomous driving tasks we set, and finally analyze and integrate the
data results I got.

6.4 Discussion and Future Work
We have conducted extensive analysis of various PPO parameters and environmental
design. I think that solving the problem of autonomous driving on the reinforcement
learning algorithm can also be improved from the following aspects：
• I used a simple VAE algorithm for image processing from the example, but I think
that VAE algorithm can be used with CARLA to learn from each other in
reinforcement learning to produce better results.
•We can use a variant autoencoder to try to reconstruct its input image, as a way to
compress the input image into a low-dimensional feature space, and deep
reinforcement learning agents can use this space for training. According to our tests,
compared to training directly on the input pixel values, using VAE will undoubtedly
help, so I think use deep learning for training that variant autoencoder for input should
be useful for the self-driving.
•In our environment, we have a test method that focuses on easily trying custom
reward functions and status, while providing several indicators that can be used to
compare agents. In addition, we provide some rewarding functions design that
perform well. so we think that can solve more complex tasks and can be completed
based on more status. Therefore, if we add more sensors in these situations, and then
learn as a condition for determining autonomous driving, more complex tasks may be
solved.

6.5 Closing Remark
Overall, we have been able to show that using deep reinforcement learning can use
very small amounts of information to learn how to solve the problem of autonomous
driving in complex environments. Using only a 160x80 RGB camera and vehicle
travel speed, control signals, etc., our bus was able to learn to go around a loop in our
limited route.
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We have achieved that by modifying the reward formula may have a significant
impact on the actor behavior, including making the actor complete some complex
problems, and we can determine the desired driving behavior provided by the selfdriving agent after deep reinforcement learning based on how to constructed reward
function.
Normally automated driving is done using imitation learning, but I think deep
reinforcement learning has some advantages over imitation learning. However, I think
that a lot of research is still needed to create deep reinforcement learning agents that
can complete real-life driving scenarios. I hope that through the implementation of the
CARLA-based environment, there can be more room for research. Finally, we hope
that our test can make a certain contribution to the research and learning of
autonomous driving.
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