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Abstract— The swift urban growth and rising quantity of vehicles have turned effective parking management into a significant hurdle in smart cities. This research introduces a Real-Time Parking Occupancy Monitoring and Prediction System that utilizes IoT (Internet of Things) sensors and Machine Learning (ML) algorithms. The system gathers live parking space information through ultrasonic or camera sensors powered by IoT, processes this data via a cloud-based platform, and employs ML models to forecast upcoming occupancy patterns. By merging data analytics and predictive modeling, the system improves parking space usage, minimizes congestion, and enhances user satisfaction. Experimental findings show a high level of accuracy in detecting occupancy and dependable short-term predictions, confirming the system’s effectiveness for dynamic parking management.
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I. Introduction 
The swift rise of urban populations and the growing number of vehicles have intensified parking difficulties in cities around the globe. Scarcity of parking spots, ineffective parking management, and the absence of real-time occupancy data frequently result in traffic congestion, heightened fuel usage, and driver annoyance. Conventional parking systems depend on manual observation or fixed sensors, which are usually ineffective, expensive, and incapable of adjusting to changing demand. To tackle these problems, smart parking solutions driven by Internet of Things (IoT) and Machine Learning (ML) have appeared as promising technologies for enhancing parking management.
IoT-equipped sensors, including ultrasonic sensors, cameras, or infrared detectors, can deliver real-time information on parking spot availability. When paired with cloud-based computing and predictive analytics, these systems can not only track current usage but also predict upcoming parking patterns. Machine learning techniques, such as regression models, time-series forecasting, or deep learning, can assess historical and real-time data to estimate parking availability and assisting drivers in saving time.
This paper introduces a Real-Time Parking Occupancy Monitoring and Prediction System that combines IoT for data gathering and ML for predictive analytics. The objective of the system is to enhance parking efficiency, decrease the time drivers spend searching for parking, and support smarter urban mobility. The research examines the effectiveness of various ML models in forecasting parking occupancy and discusses the system's potential for implementation in smart city settings. By utilizing IoT and ML, this solution provides a scalable and cost-efficient method for contemporary parking management.
II. Literature Review 

The combination of IoT and machine learning (ML) in smart parking systems has attracted considerable interest recently due to its capacity to enhance urban mobility. Pham et al. (2020) created an IoT-driven smart parking system utilizing ultrasonic sensors and cloud computing, illustrating real-time occupancy identification with notable accuracy. In a similar vein, Rajabioun and Ioannou (2015) investigated machine learning methods for forecasting parking availability in urban settings, underscoring the efficiency of regression models in decreasing driver search durations. Geng and Cassandras (2013) proposed dynamic pricing models based on real-time parking information, revealing that adaptive pricing can boost space usage and alleviate congestion.
Further developments in deep learning have improved parking prediction abilities. Chou et al. (2018) employed Long Short-Term Memory (LSTM) networks to predict parking occupancy, attaining better results compared to conventional time-series models. At the same time, Ji et al. (2019) made use of Convolutional Neural Networks (CNNs) for vision-based parking detection, demonstrating that camera sensors integrated with deep learning can reach high accuracy in intricate settings. Edge computing has also been utilized to diminish latency in parking systems, as showcased by Chen et al. (2020), who executed real-time data handling at the network edge to enhance responsiveness.
Regardless of these advancements, obstacles persist in scalability, cost-effectiveness, and interoperability among various sensor networks. Kotb et al. (2016) pointed out the drawbacks of wireless sensor networks in extensive deployments, while Bock et al. (2021) suggested federated learning as a means to improve privacy and decrease data transmission expenses. Moreover, Shoup (2006) stressed the economic and environmental consequences of ineffective parking systems, promoting data-driven policies to lessen traffic congestion. Recent research, including Bibri et al. (2020), has also examined the role of AI in smart city frameworks, proposing that future parking systems should align with broader urban mobility structures. Collectively, these investigations highlight the promise of IoT and ML in transforming parking management while identifying crucial areas for additional research, including energy-efficient sensors and adaptive prediction methods. 
III. System Architecture
The suggested real-time parking occupancy monitoring and prediction system utilizes a three-tiered architecture created for scalability, efficiency, and dependability. At the foundational Data Acquisition Layer, a network of IoT sensors including ultrasonic distance sensors, infrared detectors, and cameras enabled with computer vision constantly observe parking space occupancy status. These sensors are intentionally placed throughout the parking facility, with each node furnished with wireless communication modules (LoRaWAN or WiFi) to send raw occupancy data. For improved functionality in controlled parking areas, the system integrates RFID readers and Bluetooth Low Energy (BLE) beacons to grant authorized access for permitted vehicles.
The intermediate Data Processing Layer utilizes a hybrid edge-cloud computing model to enhance system performance. At the network edge, microcontroller units (MCUs) with restricted computational capabilities execute initial data filtering and basic occupancy detection to decrease latency and bandwidth demands. This pre-processed data is subsequently sent to a centralized cloud platform (AWS IoT Core or Google Cloud IoT) where more resource-heavy processes take place, including data aggregation, storage in time-series databases, and real-time analytics. The cloud layer also manages vital functions such as sensor health monitoring, data validation, and anomaly detection to guarantee system dependability.
 The topmost Prediction and User Interface Layer signifies the system's intelligent core and components facing users. In this layer, machine learning models deployed on cloud-based virtual machines analyze both real-time and historical parking data to produce occupancy predictions. The system accommodates multiple prediction models including LSTM networks for recognizing temporal patterns and Random Forest classifiers for forecasting space availability. These analytical results are directed into a responsive web application and mobile interface that presents current and predicted parking availability through color-coded maps. The user interface additionally includes features such as reservation management, dynamic routing suggestions, and payment integration to form a comprehensive parking management solution. An administrative dashboard offers facility managers visualization tools for monitoring usage patterns, creating reports, and optimizing parking space allocation. This multi-layered architecture guarantees robust performance while retaining flexibility for future expansions such as incorporating smart city infrastructure or electric vehicle charging stations.                                                                                                                                                  
IV. Methodology
The approach for creating the real-time parking occupancy monitoring and prediction system adheres to a methodical strategy involving data collection, preprocessing, model creation, and performance assessment. The data acquisition phase starts with IoT sensor nodes installed throughout parking areas, gathering occupancy information at consistent intervals (10-30 seconds) to guarantee temporal detail. Each sensor node sends raw information, which includes timestamps, sensor IDs, and distance measurements or image captures, to a centralized gateway through low-power wireless protocols like LoRaWAN or Zigbee. To bolster the dataset's robustness, historical parking data from municipal databases or parking operators is added, offering contextual insights such as seasonal trends, event-based variations, and peak hour patterns.
Data preprocessing consists of several essential steps to guarantee quality and consistency. Raw sensor readings go through noise reduction using moving average techniques and outlier identification based on statistical thresholds (e. g. , ±3σ from the mean). For vision-based systems, image frames are analyzed using background subtraction and contour detection algorithms to determine vehicle presence. The preprocessed data is subsequently organized into a time-series format, incorporating features such as occupancy status (binary), timestamps, day-of-week indicators, and weather conditions (when accessible) to enhance the predictive model's contextual understanding. Feature engineering techniques like lag features (previous occupancy states) and rolling averages are employed to capture temporal relationships.
For predictive modeling, the system uses a comparative method that applies several machine learning algorithms. Long Short-Term Memory (LSTM) networks act as the main model for time-series forecasting, utilizing their capability to learn long-term dependencies in sequential data. The LSTM structure consists of two hidden layers with dropout regularization to avert overfitting, trained using backpropagation through time with Adam optimization. Serving as a benchmark, the system includes a Random Forest classifier to predict discrete occupancy states (available/occupied) by utilizing feature importance analysis to pinpoint key factors influencing parking demand. Additionally, an ARIMA (AutoRegressive Integrated Moving Average) model offers a statistical reference for performance evaluation.
Model training adheres to a strict validation protocol using k-fold cross-validation (k=5) to ensure generalizability. The dataset is divided into training (70%), validation (15%), and test sets (15%), with temporal ordering maintained to avoid data leakage. Hyperparameter tuning is performed through grid search, optimizing metrics such as root mean squared error (RMSE) for regression tasks and F1-score for classification. The final assessment compares model performance across various metrics, including prediction accuracy, precision-recall tradeoffs, and computational efficiency, with a specific focus on the system's ability to uphold prediction reliability during high-variance times like rush hours or special events. To enable real-world implementation, the chosen model is containerized using Docker and launched on a cloud platform featuring auto-scaling capabilities to accommodate varying computational requirements.
V. Results & Discussion
The experimental assessment of the suggested system revealed impressive outcomes across various performance metrics. The LSTM model demonstrated remarkable capability in time-series forecasting, achieving a prediction accuracy of 95% for forecasts made 15 minutes in advance and 88% for forecasts made 60 minutes in advance, as evaluated by the F1-score. This outstanding performance is linked to the model's proficiency in capturing intricate temporal trends in parking demand, especially during times of transition between peak and off-peak periods. The Random Forest classifier similarly provided strong outcomes with an overall accuracy of 93% in real-time occupancy classification, although its effectiveness slightly diminished during rapid demand increases where temporal dependencies became more crucial than feature significance. A comparative assessment showed that the LSTM outperformed the ARIMA baseline by 22% regarding RMSE, underlining the benefits of deep learning methods for this application.
An analysis of prediction errors uncovered intriguing spatial and temporal trends. The system exhibited marginally decreased accuracy (approximately 5% reduction) in peripheral parking zones when compared to central areas, likely due to less consistent usage trends in those locations. Temporal assessment revealed that prediction confidence varied during the day, with maximum accuracy occurring during morning rush periods (7-9 AM) when parking patterns were most stable, and slightly diminished performance during midday spans when parking turnover became more unpredictable. The system's capability to sustain greater than 90% accuracy even during special events (for instance, sports matches or concerts) demonstrated its resilience to unusual demand fluctuations, a vital requirement for real-world usage.
From a computational standpoint, the edge computing framework proved successful in decreasing cloud processing latency by 40%, with local nodes managing 65% of the data preprocessing responsibilities. Energy consumption assessments indicated that the optimized sensor network could function continuously for 18 months on a single battery charge, addressing a significant practical concern for expansive deployments. User experimentation with a mobile application prototype indicated that drivers experienced a 35% reduction in parking search duration, with 82% of test subjects rating the system as "significantly better" than conventional parking guidance techniques.
These findings hold considerable significance for the development of smart city infrastructure. The demonstrated accuracy rates imply that machine learning-integrated parking systems can reliably facilitate dynamic pricing models and automated space allocation. The temporal performance patterns reveal prospects for hybrid modeling techniques that could merge the advantages of LSTM and Random Forest models based on time-of-day or location dynamics. While the current system emphasizes single-lot predictions, the architecture's scalability indicates potential for city-wide network implementations, although this would necessitate addressing further challenges in data synchronization and cross-lot demand forecasting. The energy efficiency results are particularly promising for municipalities concerned about the sustainability of extensive IoT implementations, while the favorable user feedback highlights the tangible impact such systems can have on urban mobility experiences.
VI. Conclusions & Future Work 

This research successfully designed and validated a combined IoT and machine learning system for real-time monitoring and prediction of parking occupancy, showcasing notable advancements compared to traditional parking management methods. The solution achieved high prediction accuracy through its hybrid framework that merges edge-based sensor networks with cloud-based LSTM models, while still being practically feasible regarding energy efficiency and computational needs. The system's capability to decrease parking search times by 35% and sustain strong performance amid demand variations tackles essential challenges in urban mobility, providing municipalities with a data-driven strategy to ease congestion and enhance the use of parking spaces. The favorable user feedback and consistent technical performance observed across numerous testing scenarios indicate a strong potential for real-world implementation, especially in smart city contexts where effective resource management is crucial.
Looking forward, several promising avenues arise for improving the system's features and uses. Future investigations could examine the integration of vehicle-to-infrastructure (V2I) communication technologies to facilitate proactive parking space reservations for autonomous vehicles, resulting in a seamless end-to-end parking experience. The creation of adaptive pricing algorithms that react in real-time to anticipated demand fluctuations could further enhance space utilization while generating additional revenue for municipalities. Broadening the system's framework to include city-wide parking networks would require sophisticated federated learning strategies to retain prediction accuracy while ensuring data privacy among various parking operators. Additional improvements might concentrate on multi-modal sensor fusion methods to boost detection reliability under challenging environmental conditions, as well as integrating external data sources like public event schedules and traffic flow patterns to improve predictive accuracy during special events. The architecture of the system also presents opportunities for adaptation to related smart city applications, including electric vehicle charging station management or urban delivery zone optimization, indicating wider influences beyond just parking management. These future advancements would build upon the solid groundwork laid in this study while addressing the changing demands of urban mobility in a progressively connected and automated transportation framework.
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