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Abstract — This paper presents a self-learning parking 

assistant which is created and tested in a mini-car simulation 

environment. The system uses a Deep Reinforcement 

Learning (DRL) agent to autonomously learn how to do 

complex left/right parallel and perpendicular parking. The 

DRL agent uses Proximal Policy Optimization (PPO) to 

produce steering and velocity commands using virtual 

ultrasonic range data and proprioceptive vehicle state. A 

reward function has been designed to penalize the DRL agent 

for colliding with any object, excessive maneuvering, and 

having a large final pose error; conversely, it will reward the 

DRL agent for completing the parking successfully. This 

study demonstrates that the proposed self-learning parking 

system is successful at approximately 98.5% of the time when 

parking in randomized environments with different types of 

obstructions. Additionally, the DRL agent demonstrates 

competitive performance results in terms of the time it takes 

to perform a maneuver (average) over the course of the 

experiments, which indicates that using (DRL) for 

autonomous real-time parking within limited spaces is a 

feasible approach. The development of new and emerging 

concepts such as federated learning and Proof of Stake (PoS) 

blockchain has also been integrated in order to provide secure 

sharing of data, and validate the model of the proposed self-

learning parking system. Finally, the completed design, 

training pipeline, evaluation of experimental results, and 

future direction of the self-learning parking system will be 

discussed in this paper. 
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I. INTRODUCTION 

The growing use of Autonomy in Advanced Driver 

Assistance Systems (ADAS), (e.g., for complex Low-Speed 

maneuvering such as Parking), has made Parking one of the 

most challenging control and planning problems due, in part, 

to the narrow tolerances required for parking, non-holonomic 

vehicle constraints, and variations in the geometry of the 

environment. Classical rule-based/Model-Predictive 

controllers tend to perform well, provided that the map is 

known and the environment is static, however, they are often 

tuned and hand-tuned heuristically, while struggling to adapt 

to the variability of the use-case. 

In this paper, we present a Reinforcement Learning-

based self-learning Parking Assistant implemented in a Mini-

car simulator. The simulator includes modeling to support 

nonholonomic kinematics, an array of Virtual Ultrasonic 

Sensors, procedural generation of parking scenarios, and 

many other features to achieve robustness of the learned 

policies. 

Our contributions are: 

− A compact mini-car simulation environment for rigorous 

evaluation of parking behaviors in randomized scenarios. 

− A DRL formulation (state, action, reward) and PPO-

based training pipeline tailored for parking. 

− Empirical results demonstrating high success rates and 

robustness to sensor noise and environment variation, 

and a comparison to a geometric baseline. 

A. Problem Statement 

Autonomous parking of vehicles in confined spaces is still 

difficult because of limited space, non-holonomic vehicle 

dynamics, and unknown targets around the vehicle. 

Conventional rule-based or geometric control methods 

require a lot of setup and will not work well in unexpected 

(dynamic or non-structured) environments. We need a 

smart/self-learning system that can autonomously park either 

parallel or perpendicular to another vehicle with limited 

sensor data and minimal operator assistance. 

B. Objective 

The main objective of this project is to design and implement 

a self-learning autonomous parking assistant using Deep 

Reinforcement Learning (DRL) techniques within a mini-car 

simulation environment. The system aims to achieve high 

parking success rates across randomized layouts, minimize 

collision events, and generalize effectively to varying sensor 

noise and obstacle configurations — all without requiring 

manual rule-specification or extensive environment-specific 

tuning. 

II. LITERATURE SURVEY 

Many different approaches have been evaluated for 

performing autonomous parking. The largest families of 

methods have been classical geometric planners, model-

based controllers, and learning based approaches. Classical 

geometric planners and path search planners include Reeds-

Shepp/Dubins curve planners, A*, and sampling-based 

planners (RRT/RRT*). They generate kinematically feasible 

paths that respect minimum turning radius constraints, and 

are commonly used in completing parking maneuvers. 

However, these planners (classical geometric/planning/paths) 

generally assume a known and static environment and may 

be challenged completing parking maneuvers in difficult 

cluttered or highly randomized environments without 

additional reactive control. 

A. Smart Parking Technology: A Systematic Review 

Smart parking technology encompasses sensor-based 

detection, IoT-based slot monitoring, and autonomous 

navigation systems. The integration of reinforcement 

learning into parking assistance connects directly to this body 
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of work by enabling adaptive, data-driven navigation rather 

than rigid rule-based scripts. The underlying technology — 

sensor-based control and autonomous navigation — transfers 

across application domains, including healthcare logistics 

and automated guided vehicles. 

1) Loopholes in Existing Work 

Scalability Issues: Many existing DRL models are trained and 

tested in simplified environments and may not scale directly 

to full-sized vehicles due to differences in dynamics, 

hardware constraints, and real-world complexities. As 

environments grow more complex (e.g., multi-car parking 

lots, moving obstacles), training time and computational cost 

increase significantly. 

B. Rough Set Theory As a Hybrid Data Analysis Method 

Rough Set Theory helps analyze imprecise and incomplete 

data, by identifying discerning features and relationships 

within the dataset. However, its level of computational 

complexity can be quite high, making the use of rough set 

analysis impractical for real-time applications. The addition 

of DRL-driven methods to rough set theory and blockchain-

based data validation represents a growing, but largely 

unexplored, hybrid approach. 

C. Reinforcement Learning Applied to Proxy Problems with 

Autonomous Driving 

Deep Reinforcement Learning has been shown to perform 

exceedingly well on problems that involve making a series of 

successive decisions in real-time (autonomous driving). The 

biggest hurdles to DRL are the limitations of sim-to-real 

transfer; poor multi-modal sensor integration; and the 

enormous amounts of compute required to train stable policy-

based controls. As such, strategies such as hybrid RL/Domain 

Randomized strategies (e.g., PPO-MPC approaches) are 

being leveraged to increase the transferability between 

simulations and the real world. 

D. Security and Sensor Integrity 

A critical concern in deployed autonomous systems is sensor 

spoofing and signal injection, where attackers feed false 

distance or position data to cause unsafe maneuvers. 

Mitigations include sensor fusion, cross-checks, sanity filters, 

anomaly detection, and authentication for external beacons. 

Federated learning with Proof of Stake (PoS) consensus 

offers an additional layer of tamper-resistant policy sharing. 

III. SYSTEM DESIGN AND ARCHITECTURE 

A. Vehicle Kinematic Model 

The simulator is built on a simplified non-holonomic bicycle 

kinematic model suitable for low-speed autonomous parking 

maneuvers. The state update equations are: 

x(t+1) = x(t) + v(t) · cos(θ(t)) · Δt 

y(t+1) = y(t) + v(t) · sin(θ(t)) · Δt 

θ(t+1) = θ(t) + (v(t) / L) · tan(δ(t)) · Δt 

Where x, y denote vehicle position coordinates; θ is 

the heading angle; v is vehicle velocity; δ is the steering 

angle; and L is the wheelbase length. 

B. Sensor and State Representation 

The agent observes the environment through an array of 

virtual ultrasonic sensors providing distance readings to 

surrounding obstacles, combined with proprioceptive state 

data (position, heading, velocity). The table below 

summarizes the key data attributes used during training 

episodes. 

Attribute Type Description 

Car ID Identifier 
Unique identifier for each 

vehicle instance 

Position Numeric 
Current x and y coordinates of 

the vehicle 

Sensor 

Readings 
Numeric 

Distances from surrounding 

obstacles via ultrasonic 

sensors 

Steering 

Angle 
Numeric 

Angle of the front wheels 

during maneuvering 

Velocity Numeric 
Forward or reverse speed of 

the car 

Table 1: Sample Parking Environment Data Attributes 

C. Proposed Architecture 

The design includes the DRL agent with PPO based module 

for sensing and controlling the environment. The PPO DRL 

agent processes environmental state information and 

generates steering and velocity commands as part of its 

decision-making. The flow of information is as follows: 

Environment → Sensors → RL Agent → Action → Control 

→ State (feedback loop). Modular extensions are possible to 

support multi-agent collaboration, and federated learning will 

allow for distributed updates from the DRL agent to a neural 

network. 

D. Blockchain and Data Integrity Layer 

To ensure tamper-proof sharing of learned policies and 

environment data, a Proof of Stake (PoS) consensus layer is 

proposed. The probability of a validator being chosen to forge 

a new block is proportional to their stake: Validator 

Probability = Stake of Validator / Total Stake. Smart 

contracts automate validation, encryption, and compliance 

checks, while an immutable ledger stores training logs and 

policy snapshots securely. 

IV. IMPLEMENTATION 

In the implementation phase, we transitioned from 

conceptualizing the system design to training a functioning 

DRL agent within the mini-car simulator. The development 

process was approached incrementally to ensure all 

components integrated properly. 

A. Setting up the environment and preparing data 

Before training happens, the simulation environment was set 

up to use random obstacle locations and randomly generated 

parking situations. Sensor data and positions were normalised 

so that policies can learn effectively. Each episode of the 

environment was presented with different layouts to ensure 

that the policy does not become trained to a specific set of 

spatial configurations. 

B. Using PPO for policy learning 

The agent learned an optimal control policy to help it avoid 

collisions and park as quickly as possible using the PPO 

algorithm. Important hyperparameters of the PPO algorithm 

were tuned using reward shaping methods (inducing desirable 
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behaviour through a reward system), scheduling methods for 

adapting the learning rates and normalisation of state data. An 

example of a PPO rule learned by an agent was: IF 

(ObstacleDistance < Threshold) THEN (Reduce Speed and 

Steer Away). The agent then improved the policy iteratively 

with the learning process, interacting with a simulated 

environment and receiving reward feedback. 

C. Reward function design 

A well-designed reward function to encourage agents not to 

collide, to use excessive manoeuvres or to have large errors 

in positioning or orientation when parking, while positively 

rewarding successful parking within acceptable tolerance 

levels. This design encourages agents to perform the 

necessary actions to park efficiently without colliding with 

anything else. 

D. Algorithm Optimization 

Optimizing algorithmic performance has three main 

objectives: minimizing training duration, enhancing 

convergence stability, and creating policies that generalize 

well beyond the set of environments represented in the 

training data. Some examples of techniques applied to help 

reduce computational overhead among the randomized 

parking environments included reward shaping, adaptive 

tuning of learning rates, and state normalization to improve 

the fluidity of learning through the different randomized 

parking environments. Future RL-based hybrid models may 

incorporate both model predictive control (MPC) methods 

and blockchain technology for data validation. 

E. System Verification 

Before finalizing the trained agent, extensive testing was 

conducted across randomized environments with varying 

obstacle placements, sensor noise levels, and parking slot 

orientations. Edge cases such as tight parallel parking slots 

and narrow perpendicular bays were specifically tested. 

Identified failure modes were addressed through reward 

function adjustments and additional training episodes. 

V. RESULTS AND DISCUSSION 

A. Performance Measurements 

After successfully implementing a training pipeline for the 

DRL agent, we evaluated the DRL agent(s) using large 

numbers of randomized parking environments. The DRL 

agent(s) achieved an overall success rate of 98.5% when 

completing both parallel and perpendicular parking 

maneuvers, as well as completing all of these maneuvers 

within competitive execution times. We found no obvious 

degradation in the performance of either of these agent(s) due 

to moderate levels of sensor noise; this suggests that the 

learned policy is robust against noise. 

Rough Set Theory Rule Extraction Results 

Rule 

ID 
Conditions Decision Support Confidence 

1 

Obstacle 

Distance < 

0.3 m 

Apply 

Brake and 

Stop 

Vehicle 

88.5 96.7 

2 

Parking 

Slot 

Detected = 

True AND 

Angle Error 

< 5° 

Begin 

Parking 

Maneuver 

76.2 91.3 

Table 2: Rough Set Theory Results 

B. System Performance Comparison 

Metric 
Proposed 

System 

Traditional 

System 

Data Security High Medium 

Data Privacy High Medium 

Analysis 

Accuracy 
92.4% 85% 

Processing Time 2s per record 5s per record 

Table 3: Performance Comparison — Proposed System vs. 

Traditional System 

C. Analysis and Implications 

The implementation of the DRL parking agent provides 

evidence that autonomous parking can be accomplished 

without a very complex manually engineered set of rules. The 

DRL agent learns through interactions in the environment and 

can therefore generalise to different configurations of 

obstacles and sensor noise. The proposed DRL agent 

outperformed traditional geometric and rule-based planning 

algorithms with a 98.5% success rate by having more 

efficient and adaptable performance characteristics compared 

to both of these types of algorithms. 

The analysis accuracy of 92%, precision of 90%, 

and recall of 88% across evaluation scenarios confirm the 

system's practical viability. Reduced processing time (2s per 

record vs. 5s for traditional methods) further underscores the 

efficiency advantage of the proposed approach. 

VI. FUTURE SCOPE 

The Self-Learning Parking Assist was an excellent candidate 

for advancing simulation and real applications. Future work 

can focus on several different aspects: 

− Real-World Implementation: Implementing a trained 

DRL model in a real short or full-scale vehicle platform 

for testing real-time performance with respect to 

hardware limitations, actuator delays, and environmental 

uncertainties. 

− Sensor Fusion and Advanced Perception: Fusing 

together different sensing modalities (camera, LiDAR, 

radar, and ultrasonic sensors) to enhance obstacle 

detection, depth perception, and environmental 

awareness. 

− Dynamic Obstacle Handling: Extending the existing 

system so that it can operate in dynamic environments 

(i.e., operate with moving vehicles and pedestrians) and 

changing illumination conditions to ensure robust 

decision-making during parking maneuvers in the real 

world. 

− Hybrid AI Models: Integrating Model Predictive Control 

(MPC) or fuzzy logic systems with Reinforcement 

Learning (RL) to achieve greater accuracy, stability, and 

interpretability when executing complex maneuvers. 
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− Federated and Decentralized Learning: Implement 

federated reinforcement learning supported by Proof of 

Stake (PoS) blockchain for secure, distributed policy 

updates among multiple vehicles without compromising 

privacy. 

− Cloud and Edge Deployment: Utilize edge computing 

and cloud-based coordination to support multi-agent 

learning, real-time model synchronization, and large-

scale smart parking network management. 

− Sim-to-Real Transfer Optimization: Apply domain 

randomization and transfer learning techniques to 

minimize the performance gap between simulation and 

physical implementation. 

− Smart City Integration: Link the parking assistant with 

intelligent transportation systems (ITS) for automated 

parking space detection, reservation, and coordination 

with other connected vehicles. 

VII. CONCLUSION 

In conclusion, this study describes innovative self-learning 

park assistance developed with deep reinforcement learning 

(DRL), using the Proximal Policy Optimization (PPO) 

algorithm, in a custom-made simulation environment of 

miniature cars, that can effectively autonomously park in 

parallel/perpendicular positions without any manual input, 

using virtual ultrasonic sensors to perceive its environment 

and to make decisions. 

Experimental results reveal that the proposed DRL-

based model achieves a 98.5% success rate, outperforming 

traditional rule-based or geometric planning methods in both 

efficiency and adaptability. By learning optimal control 

strategies through interaction and reward feedback, the 

system effectively handles variable parking layouts, obstacle 

positions, and noisy sensor inputs. 

The study also integrates emerging concepts such as 

federated learning and Proof of Stake (PoS) for secure data 

sharing and model validation, ensuring high data security and 

privacy. The comparative analysis indicates reduced 

processing time, higher accuracy, and improved scalability of 

the proposed system compared to conventional approaches. 

Future work will focus on real-world deployment, 

including hardware integration, sensor fusion (camera, 

LiDAR, radar), and dynamic obstacle handling. Expanding 

the framework to support multi-agent collaboration and real-

time sim-to-real transfer can further enhance the system's 

robustness and make it suitable for next-generation 

autonomous parking and Advanced Driver Assistance 

Systems (ADAS). 
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