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Abstract— This paper presents an autonomous parking From satisfying outcomes of PPO applications in various
system for self-driving cars using information from a game- visual-based applications, self-driving cars can also be
based simulation. Proximal Policy Optimization (PPO) implemented with the PPO. Same as other RL a]gorithms,
algorithm is used as the main algorithm of the parking system.  simylation environments which resembles the real

Visual information from cameras on the front and rear of the applications are required to train agents with PPO. Therefore,
car, and the observed states of the car are used as the input. The this paper presents the autonomous parking system for self-
agents for the parking system are trained in the simulation 4. i car using visual information with the PPO in the
environment powered by the Unity game engine. Two different 1764 world. The agent which represents the car applies a
agents are trained using the PPO with different rewarding camera as its only sensor. The parking algorithm is learned
systems. The first agent receives rewards only when the agent through trial-and-error ap}.)roach in the PPO instead of hard-
reaches the goal. The second agent is trained with the reward coding. Unity same eneine is implemented as the basis for the
shaping technique. Additional rewards are granted to the simulgt.ion o}jfgthe age%l tin botrl)l training and testing. The

second agent in every action step during the training process. N . . o L N
Agents are trained and tested in the simulation scenario where implementation of the Unity engine is due to its simplicity and

the agent must reach the parking slot in the correct orientation  resources available [14]. Two PPO agents are developed and
from random starting locations. Experiments include car tested for the car parking task, in which the agents need to
parking tests of the agents in the simulation. Success rate of ~ move forward to the parking slot from random starting
correctly parking a car at the goal location is used to evaluate locations within the limited time. The agents possess different
parking performances of the agents. Simulation results show reward functions during the training via PPO. One agent
superior performance of the agent trained with the reward acquires a big reward when it reaches its parking slot. Another
shaping technique in the task of parking a car. agent is trained with the reward shaping technique, in which
rewards are granted to the agent in every action. The second
Keywords—autonomous  parking, proximal policy  agent also receives a big reward once it reaches the parking
optimization, reward shaping, unity, deep reinforcement slot. Agents for the parking system are tested in the simulation
learning. environment with the same settings as in the training.
Experiment results show satisfying results from both agents in
L. INTRODUCTION reaching the parking slot that located in front of the car, within
In present world, about 30% of city traffic problems come 45 degrees of orientations from the random starting locations.
from vehicles searching for parking spots [1]. Drivers spenda  Additionally, the agent trained with the reward shaping
long time looking for parking spots, in which fuel is wasted, technique performs better in the car parking experiments.
causing pollution [2]. One of available solutions to car parking
problems is the implementation of self-driving vehicles [3].
Different models of Artificial Intelligence (Al) are applied in
most self-driving vehicles, especially self-driving cars, to
provide better experiences for vehicle users [4]. However,
applications of Al models on self-driving cars, encounter II. AUTONOMOUS PARKING SYSTEM
different difficulties. Some examples of such difficulties
include unpredictable environment [5], vulnerability to
cyberattacks [6], and resource-intensive[7].

This paper is organized as follows: Section 2 describes the
proposed parking system and its components, Section 3
explains the experiments and provides experimental results,
and Section 4 concludes the contents and discuss future works.

The proposed autonomous parking system has its
workflow as depicts in Fig. 1. The system takes images from
the front and the rear cameras as its input. These images are

Among Al models and algorithms available for self- fed directly to the core computation component which is a

driving cars, algorithms which applied Reinforcement  model based on the proximal policy optimization (PPO)
Learning (RL) accomplished significant achievements in algorithm. The model controls the car, guiding the car to the
recent findings. The abilities in learning through trial-and-  parking area using knowledge acquired from the training
error approaches of RL algorithms displayed their  process in the simulation environment. Further details of the
performances in many works such as [8], [9], and [10]. One implemented simulation and the PPO models are described in
notable RL algorithm is the Proximal Policy Optimization  following subsections.
(PPO), which trains its agents based on policy functions. PPO
has been the default RL algorithm for OpenAl since 2018 [11].
Performances of PPO were evaluated in different works such
as [12], and [13].
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Fig. 1. Diagram of the game-based autonomous parking system.

=

Fig. 2. Top view of the simulation environment.

A. Unity Simulation Environment

The simulation environment is created using Unity. Unity
is a popular platform for developing 2D and 3D games and
simulations. There are many resources and assets available in
Unity platform, which ease the development of the simulation
environments. From the top view of the simulation in Fig. 2,
the simulation environment is a simple square room with
white walls on all its four sides. This simulation environment
is utilized in both the training and the experiments of the
autonomous parking system. Different assets from the Unity
engine are applied as objects in the developed simulation
environment. Blue cars are used as obstacles. The yellow car
is employed as the car for the agent. A red cube is placed as
the goal, which determines the parking area. There are three
starting areas for the agent, i.e. spawn areas. The first spawn
area is closer to the goal, with the spawn orientation of the
area facing the goal. The other two areas have spawn
orientations angled 45 degrees to the goal, with longer
distances to the goal compared to the first area.

The navigation task in the simulation requires the agent to
reach the goal which is located within short distances from
the starting point. The agent must be able to park the car at
the specific location, within the acceptable orientations. The
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TABLE L CAR PARKING SIMULATION SETTINGS

Simulation Properties Applied Settings

Time Limit per Episode 5 seconds

Camera Inputs 84 x 84 x 1 (Grayscale Image)

Agent Actions 4
TABLE II. BASIC SIMULATION REWARDS

Agent State Provide Rewards
Time Usage - 10
Dead -2,000
Bad Park - 1,000
Goal 2,500
Distance Penalty —(Distancegyg X 1.5) — 25
Camera Reward +5
Center Reward 1 — (limage_xgoq — image_Xceneer| X 2)

actual spawn point and initial orientation of the car agent are
randomized within the three spawn areas at the start of each
episode. The goal and obstacle cars are fixed in their places.
The agent must reach the goal within 5 seconds, as the
simulation episode ends immediately afterwards. The episode
can also end before the timer reaches 5 seconds by having the
agent reach the goal, or the agent gets terminated by crashing
into walls or obstacles.

Table 1 shows implemented simulation settings. Each
episode has a time limit of 5 seconds. Visual information from
front and back cameras of the car is in the form of RGB
frames, with the size of 84 x84 pixels. Each of these RGB
frames are converted to a grayscale image before passing to
the agent. Agent can commit 4 actions to the car including
moving forward, moving backward, turning left, and turning
right, resembling the simplified actions of actual cars.

Similar to other RL algorithms, agents training through
the PPO algorithm require rewards to motivate them. The
simulation provides base rewards as described in Table 2. The
agent receives a -10 reduction on the total rewards in each
step it takes, making the agent move to the goal as quickly as
possible. The largest negative reward of -2,000 is given to the
agent if the agent gets terminated from crashing. Another
larger negative reward of -1,000 is also given to the agent if
the agent reaches the goal with the wrong orientation, without
straightly facing the goal. A minor penalty is given to the
agent based on its location. The greater the distance between
the agent and the goal, the greater this penalty will be. Apart
from negative rewards, the simulation gives different positive
rewards based on desirable outcomes of the actions. The
largest positive reward of 2,500 is given to the agent when
the car reaches the parking slot within acceptable
orientations, i.e. facing the goal. The reward of 5 is given to
the agent on each step that has the goal within its input image
from the front camera. A reward is also given to the agent
based on the distance between the reward and the center of
the image from the front camera. The closer to the center the
goal is, the more positive this reward becomes.
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Fig. 3. Structure of the PPO for autonomous car parking agents.

B. Proximal Policy Optimization for Autonomous Parking

Proximal Policy Optimization (PPO) is applied to train
agents for the task of parking in the simulation environment.
The implemented PPO model has its structure as shown in
Fig. 3. This PPO model is applied in the training of both the
normal agent and the agent with reward shaping. Visual
information from cameras attached to the car and the
observed state of the car are used as the input of the PPO.
Visual frames from the first-person perspective of the front
and back cameras are in the form of 84x84 RGB images.
These images are processed into grayscale images before
passing through the convolutional layers of the PPO. Result
feature maps from convolutional layers are then flattened into
a l-directional array. The array of flattened feature maps is
combined with observation space vectors to be used as the
input for the fully connected layers further. Unity engine
offers an 11-vector observation space for PPO training. These
11 vector observations comprise target position in X and Z
axes, angle to the target, velocity in X and Z axes, last steer,
last accel, last reverse, view deviations in X and Y, and the
visibility flag. The flattened feature maps and observation
vectors are concatenated to form a state representation. The
state is then fed to the fully connected layers of the PPO. The
fully connected part of the PPO consists of 6 fully connected
layers, with 1024 hidden units in each layer. All the fully
connected layers in the implemented PPO utilize the ReLU
as the activation function. The output layer of the PPO with
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TABLE IIL PPO AGENTS TRAINING CONFIGURATIONS
Parameter Value
trainer_type ppo
max_steps 5,000,000
learning_rate 0.0001
learning_rate_schedule linear
beta 0.001
epsilon 0.2
lambd 0.95
batch_size 4,096
buffer_size 40,960
num_epoch 15
gamma 0.999

4 units are separated into two sections: Actor and Critic. The
actor section, or the Actor Head, applies three units from the
output as actions for the car agent. The actions include
steering, acceleration, and reverse. The critic section or the
Critic Head applies a single unit from the output as the “Value
Estimate” variable for computing the advantage function. As
a result, the output of two sectors enables the parallel
optimization of both policy and value estimation of the PPO.

Configurations for the training of both normal PPO agent
and the PPO agent with reward shaping are stated in Table 3.
These training configurations, which contain
hyperparameters and settings for training the PPO agents, are
provided by the Unity engine. Parameters of the training
configurations can be edited to suit the tasks of agents [15].
The number of steps in the training is set to 5,000,000 steps.
The initial learning rate is set to 0.0001, which decays linearly
to 0 as the training gradually reaches the last step. The beta
parameter that can cause the policy to become more random
is set to 0.001, which is lower than the default value of 0.005.
The epsilon parameter for evolving the policy and the
“lambd” or the lambda for regularization remain at the default
values of 0.2 and 0.95, respectively. The batch size of the
experiences in each iteration of gradient descent is set to
4,096. The buffer size is set to 40,960, which is ten times
larger than the batch size. The buffer size of 40,960 means
that the PPO collects 40,960 experiences before updating the
policy model. The “num_epoch” parameter, which defines
the number of iterations that the PPO iterates over the
collected experience buffer, is set to 15. The reward discount
factor or the gamma parameter is set to 0.999. The remaining
parameters for the PPO training from [15] which are not
mentioned in Table 3, remain at their default values.

The training of the PPO agents for car parking takes place
in the simulation environment as described in the previous
subsection. The goal of the car parking agents is to reach the
goal location, which refers to the parking slot, in the
acceptable orientations. The car of the agent starts randomly
across the three agent spawn areas in each simulation episode.
The starting orientation of the car is also random, as
influenced by the agent spawn area. The agent needs to move
the car from random starting points with random orientations
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TABLE IV. ADDITIONAL REWARDS FOR REWARD SHAPING AGENT

Agent State Provide Rewards

Approach Target (Distancege, — Distancespep—1) X 2
Face Right Direction 0.1

Drive Right Direction 0.2

Angle Alignment c0s(0goq1) X 0.3

Within Range (< 10m) 0.1

Proximity (< 5m) 2 X (5 — Distancegep)

Moving Away -0.2

to the parking location as quickly as possible. The first PPO
agent was trained in the parking task, receiving a basic reward
from the simulation as shown in Table 2. The second PPO
agent was also trained in the same task, receiving the same
basic reward as the first. However, the second PPO agent was
trained with a reward customization scheme, which awards
additional rewards to the agent for each action. The additional
rewards for the customized agent are shown in Table 4.
Rewards are added when the vehicle approaches the target,
calculated by multiplying the distance from the target in the
current and previous action steps by 2. Additional rewards are
added when the vehicle is facing directly towards the target
and turning towards it, awarding 0.1 and 0.2 respectively. The
angle of the vehicle to the target is also calculated and added
to the reward, using the cos(s) function of the angle to the
target multiplied by 0.3. In terms of distance, a positive 0.1
reward is added when the vehicle is within 10 meters of the
target. Furthermore, another reward is added, calculated from
the agent's current distance to the target, when the vehicle
moves within 5 meters of the target. However, the agent
receives a negative -0.2 reward for actions that cause the
vehicle to move away from the target. For each action
performed by the agent, the additional rewards from Table 4
are added and awarded based on the agent's status after that
action. Values of the additional rewards were chosen on a
trial-and-error basis. Higher multipliers on the rewards of a
given state signify higher priority for the state, and vice versa.
Both agents were trained for 5,000,000 steps separately.
Fig. 4 shows the cumulative rewards from the simulation,
which were given to the first agent with basic simulation
rewards. In the first 1,000,000 steps, the rewards tend to be
more random. The cumulative rewards steadily increased
more than 50 times from the step 1,000,000 to 2,000,000. The
rewards became more saturated from the step 2,000,000
onwards. These characteristics of the rewards can be implied
that actions of the agent prior to the step 1,000,000 were most
likely random, which resulted in low cumulative rewards. As
the training proceeded to the step 2,000,000, the agent
gradually selected actions that resulted in more satisfying
outcomes from the simulation, which can be observed from
the great increments of cumulative rewards during these
training steps. After training for 2,000,000 steps, the agent
successfully discovered suitable actions for the states of the
car, as suggested by the saturated rewards from the step
2,000,000 to the final step of 5,000,000 in the training.
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Fig. 5. Cumulative training rewards from the agent with reward shaping.

The training of the agent with reward shaping resulted in
different characteristics in the cumulative rewards, as shown
in Fig. 5. The cumulative rewards prior to the training step of
1,000,000 were an increasing trend, which suggested that the
additional rewards helped the agent find a suitable policy for
the task. However, the cumulative rewards sharply decreased
shortly after the step 1,000,000, then quickly recovered and
increased afterwards. This high fluctuation in the rewards
was suspected to be caused by the discovery process of the
agent, which had the settings of parameters related to the
discovery and random actions set as in Table 3. Apart from
the fluctuation, the rewards greatly increased until the
training step 2,000,000, then slightly saturated to the end of
the training. This can be implied that the agent with reward
shaping was successfully discovering the best actions to
complete the task prior to the step 2,000,000, then suitable
actions were discovered afterwards. One notable point is that
the agent with reward shaping achieved higher cumulative
rewards in majority of the training steps.

III. EXPERIMENTS AND RESULTS

The trained PPO agents were tested for the task of parking
in the simulation which possessed the same settings as in the
training. Each agent was tested with the parking tasks 100
times in a 3D simulated environment. The agent started
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Fig. 6. Example of the agent initial states in car parking experiments.

TABLE V. EXPERIMENTAL RESULTS OF THE CAR PARKING AGENTS
Measurements Basi; lgl:lvl&;ards Rewa:;dg eSliltaping

Number of Experiments 100 100

Success Count 69 98

Success Rate 69 % 98 %

Crash Count 1 0

Crash Rate 1% 0%

Time Out 30 2

Time-Out Rate 30 % 2%

Maximum Distance 13.79 m 13.79 m

randomly in the starting areas or the “spawn areas” indicated
in Fig. 2. An example of the initial state of the car is shown
in Fig. 6. From the starting location, the agent needs to move
the car to the red cube goal in acceptable orientations. Fig. 7
illustrates the first-person perspective from the front camera
of the car. The agent must move the car from the random
starting location, as an example shown in Fig. 7(a). The agent
needs to steer the car towards the goal while also moving the
car closer to the goal, as the goal object becomes larger and
closer to the center of image in Fig. 7(b). The parking is
completed once the car reaches the goal within the acceptable
orientations, as shown in Fig. 7(c). The car needed to touch
the goal, with the goal object near the center of the image
from the front camera of the car as much as possible.

Results from 100 testing episodes of both agents are
described in Table 5. From 100 experimental episodes, the
agent with basic rewards training successfully parked the car
69 times, achieved the success rate of 69%. Among the 31
failed attempts, the agent crashed 1 time, which counts as 1%
crash rate. The remaining failures occurred by the agent not
being able to move to the goal location within the time limit
of 5 seconds. The agent reached the time limit 30 times,
counting as 30% time-out rate. The agent with the reward
shaping achieved a better success rate, as the agent was able
to reach the goal within the time limit in 98 out of 100
experiments. The reward shaping agent failed only 2 times in
the experiments, which translates to 2% failure rate. The
failed attempts of the agent were caused by the time limit
only, as the agent never crashed.
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Fig. 7. Images from the front camera of the car in different states: (a) initial
state, (b) moving towards the goal, (¢) reaching the goal.

The experimental results showed that the difference in the
success rate is 29%, with the reward shaping agent superior
to the basic agent. From experiments, an introduction of the
reward shaping during the agent training resulted in an
increment of approximately 42% in the parking success rate.
Details on the failure rates can be implied that the agent with
basic rewards tended to stay still to minimize the penalties,
once the agent reached the states which were difficult to
proceed. In rare occasions, the agent also crashed to end the
episode early. The reward shaping technique helped reduce
these failures by influencing the agent to move towards the
goal, as observable from the significantly lower failure rates
in Table 5. Moreover, these failures from the reward shaping
agent were only caused by the agent staying still, which
means that the agent with reward shaping is safer to be
implemented in real-world environments. Performances of
the agents illustrate the impact of the reward shaping
technique on improving the agents for simple parking tasks.

IV. CONCLUSIONS

This paper proposed an autonomous parking system using
PPO with information from the game-based simulation.
Visual information from the front and the rear of the car was
applied along with the observed states of the car as the input,
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in which the information of states was provided by the
simulation. Two PPO agents were developed, trained, and
tested in the simulation powered by the Unity game engine.
Both agents were trained in the car parking tasks, with
differences in the rewarding policies. The first agent was
trained with basic rewards provided by the simulation. The
second agent was trained with basic rewards and additional
rewards through the reward shaping technique. Additional
rewards were added to the second agent according to the state
of the car after each action. The agents were tested in
experiments that required the car to be moved to the parking
target from random starting locations 100 times in the simple
simulation environment. During the experiments, both agents
were able to move the car to the goal successfully with
satisfying results. The experimental results dictated that
performances of the agent with reward shaping were superior
to the first agent with basic rewards in every aspect.

Future work can include the training of the parking agents
in more complex scenarios, such as parking in larger areas
with more obstacles, parking in a parking building, and
parking backwards to specific locations. The trained PPO
agents can also be employed in real cars or toy cars for further
experiments in real-world environments.
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