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Abstract
Ever-increasing vehicle numbers in urban areas have placed significant strain on existing parking infrastructure, particularly in multi-storey facilities. This project presents a low-cost, event-driven smart parking solution that combines IoT edge devices with dual-model computer vision to provide real-time occupancy tracking. The system employs an Arduino MKR WiFi 1010 with ultrasonic sensing as a resource-efficient trigger mechanism, communicating via MQTT to a Raspberry Pi edge broker that captures images for transmission to a Node.js detection server. Vehicle identification is performed through an ensemble voting pipeline utilising YOLOv8s and YOLO11s simultaneously, with CLAHE-based preprocessing and an adaptive detection mode addressing low-light conditions. A centralised health monitoring layer with tiered auto-recovery enables unattended operation. An ESP32-S3 NAT bridge facilitates deployment within WPA2-Enterprise network environments. Evaluation under both controlled and live deployment conditions demonstrated 100% recall and 93.3% precision with sub-second inference latency.


[bookmark: _Toc235697537]Introduction and research context
As it stands parking infrastructure now is under more pressure than ever before due to an ever-increasing number of motorists, according to the United Kingdom (UK) Government vehicle licencing statistics we saw an increase of around 417000 newly registered vehicles from December 2023 to December 2024 [1]. This pressure on parking infrastructure such as multi storey car parking garages is not just limited to public infrastructure, private places of work are now also feeling this as more employees also become dependent on their cars as a primary means of transportation to and from work.
Parking is often made accessible to employees via a staff car park in some form or another it is rare for the onsite parking to have the capacity needed to handle every car that will attempt to find a space there. And as Adnan Zahid et al. noted this combined with the obvious tendency of people to attempt to park as close as possible to their destination this can and will often lead to issues such as congestion, stress and overall, a total waste of time. This is especially true in the case of a multi storey facility where motorists may enter with no knowledge of the actual availability of parking, this will effectively lead to a high probability of having to leave the garage and seek out alternative parking.
These scenarios highlight now more than ever that an adaptable low-cost scalable smart solution is required. These systems have proved to be immensely powerful, such as Lubna et al. who used internet of things (IoT) devices to track vacant parking spaces. This proved immensely successful during controlled testing offering a low cost, and resource light solution for smart parking slot detection that remained immensely reliable in testing [2]. 
Another valiant effort in the pursuit of smart parking solutions is one by Arsam Abhigna et al, who proposed the use of machine vision and efficient identification algorithms to accurately identify vacant parking spaces to mitigate some of the challenges found by motorists when attempting to find suitable parking, identifying that simpler sorting algorithms provided better results than more complicated counterparts. In a similar conference Luiz Eduardo et al. Also sought to introduce machine vision and (IoT) devices as a viable solution to address the current inefficiencies of parking situations. It was found that machine vision paired alongside (IoT) middleware in ideal conditions is quite adept at identifying vacant and non-vacant spaces. Parking Space Occupancy Monitoring System Using Computer Vision and IoT 
This is further backed by an IEE journal authored by R. Srinivasan et al, made use of an object detection model for real time vehicle identification and after an amount of preprocessing licence plate detection. This deformable convolution-based model when paired with effective preprocessing steps was able to accurately identify vehicles with a 98.9% success rate [3]. 
The fact that this model can identify, and track vehicles so accurately proves it as a viable potential candidate for use in an IoT parking solution.
A conference paper authored by Shilpa Sonkar et al. Also saw fit to utilise an object detection model for vehicle identification to continuously monitor parking areas. The object detection model was able to accurately differentiate vehicles and when paired with a capable backend infrastructure drastically streamlined parking efficiency [4].
This even further highlights how capable object detection models can be integrated into everyday parking environments.
Using object detection is not limited to just tracking the objects of concern themselves i.e. cars or spaces. Another viable means of identifying parking capacity may exist in the form of occlusion detection. Jiageng Ruan et al, for example, it was found that it is viable to track specific areas of a vehicle such as the front bumper as opposed to the entire entity. Giving viable insight into alternative methods for vehicle identification or tracking [5]. 
The IEEE circuits and transactions for video technology journal also explores occlusion detection, outlining that a leading problem in this field is the high potential for intra-categorical appearance variations often associating objects as being in an incorrect state or even being in the wrong category [6].


[bookmark: _Toc235697538]Problem statement 
At this point in time the Driver and Vehicle Licensing Agency (DVLA) utilise a multi storey car park that is accessible via a one-way system. Considering that current methods of locating a space are often seen as challenging or inefficient, employees attempting to make use of the facility will face issues such as uncertainty and time wastage as well as a potential to be hindered by congestion [2]. Integrating a smart parking system is significant to avoid the aforementioned challenges  [7]. 


[bookmark: _Toc235697539]Aims and objectives
Aim: To develop an intelligent parking management system for a multi-storey car park that provides real-time occupancy tracking through computer vision and a proposed autonomous drone patrol verification subsystem.
Objectives:
1. To critically analyse current literature on automated parking systems, computer vision-based vehicle detection, and IoT-driven occupancy monitoring techniques.

2. To design a prototype architecture comprising an event-driven server, dual-model YOLO detection pipeline, and a proposed drone-based bay-level reconciliation subsystem.

3. To develop the system based on the designed architecture, implementing real-time SSE streaming, threshold-based alerting, and drift correction between entry/exit counts and physical bay occupancy.

4. To evaluate the developed system using well-known metrics including detection confidence, model agreement (IoU), count accuracy, and system response latency.


[bookmark: _Toc235697540]Literature review
In fulfilment of Objective 1, the following sections critically analyse current literature on automated parking systems, computer vision-based vehicle detection, and IoT-driven occupancy monitoring techniques. Given this ever-increasing demand, parking systems have justifiably received a great deal of attention in recent years; unsurprisingly many unique resolutions for the issue of parking have been proposed, many of these solutions focus on either making the parking process easier for the motorist to find a space or to streamline the process to simply save time and subsequently reduce the heuristic of time wasted. In a bid to solve the many problems associated with parking, many unique and innovative solutions have been considered and tried. 


[bookmark: _Toc235697541](IoT) driven solutions.
Recent advancements around (IoT) as well as their ubiquitous nature has seen many individuals exploit this. These systems typically make use of microcontrollers, wireless networks across which input devices stream data, often making use of cloud-based architecture.
Utilizing these basic principles several IoT-based parking systems have been proposed for off-street parking environments; this has offered valuable insights into how these principles and technologies may apply a multi storey environment. Take for example, Ji et al. [8] and Pham et al. [9] utilizing cloud-based architectures capable of handling large scale deployment of real time sensor networks, with the latter integrating cost and distance optimization algorithms, all of which would be vital for multi-level scalability. Whereas systems such as those by Khana and Anand [10] and Waili et al, [11] incorporate real-time occupancy tracking and user-navigation using a microcontroller an Arduino and raspberry pi and incorporating ground positioning system (GPS)  and ultrasonic sensors to aide in navigation and occupancy tracking respectively, further still Akshay et al. proposed an RFID-based solution while this was used for automated fee-calculation it was a good demonstration in the versatility of IoT sensors [12].
These gaps are directly relevant to the present work; a multi-storey parking system requires not only occupancy detection at entry and exit points but also floor-level state isolation, vertical event propagation between sensor nodes and centralised services, and critically, the ability to scale horizontally by adding sensor modules without reconfiguring existing infrastructure. None of the surveyed IoT implementations address this combination of requirements simultaneously, establishing a clear opportunity for a purpose-built event-driven architecture that decouples the sensing layer from processing across multiple independent floors, an approach explored directly in this project.


[bookmark: _Toc235697542]ESP32
Messina et al. employ ESP32‑based nodes within their experimental test‑bed to implement parking sensors and gateway devices as part of a lightweight IoT architecture for intelligent parking management. The ESP32 platform is selected due to its low cost, integrated wireless capabilities, and suitability for edge‑oriented IoT applications. In the proposed system, ESP32 devices are used to support sensor data acquisition, local processing, and communication with long range (LoRa) gateways, while also enabling interaction with the MQTT‑based synchronisation layer. This hardware choice reinforces the study’s emphasis on affordability, energy efficiency, and rapid prototyping.
The experimental evaluation demonstrates that ESP32‑based nodes can support reliable data transmission and fault recovery under controlled laboratory conditions, particularly when combined with MQTT for telemetry exchange and system monitoring. The results suggest that ESP32 devices are effective for small‑scale deployments and proof‑of‑concept implementations, providing sufficient computational capability and flexibility for distributed parking systems.
However, the study does not extensively evaluate the limitations of ESP32 devices when deployed at scale or in more complex physical environments. Issues such as processing load under high node density, memory constraints affecting broker‑client interactions, power management in long‑term deployments, and communication reliability in vertically structured infrastructures are not explicitly addressed. Furthermore, the impact of ESP32 resource limitations on MQTT client performance including sustained message throughput, reconnection behaviour, and secure communication overhead remains unexplored. These gaps indicate a need for further investigation into the suitability and scalability of ESP32‑based nodes for large, multi‑storey parking environments where node density, vertical separation, and continuous operation impose greater demands on edge hardware [13].


[bookmark: _Toc235697543]Raspberry Pi
Existing studies demonstrate the continued effectiveness of Raspberry Pi as a low-cost edge controller for IoT-based smart parking solutions. However, current implementations primarily focus on single-level parking environments and do not sufficiently explore the challenges associated with multiple Pi nodes, distributed architectures, or scalability across numerous floors.
Arora et al. propose a Raspberry Pi-based IoT smart parking allocation and reservation system in which the Pi acts as the central processing and communication module, collecting vehicle entry and exit data from RF and IR sensors and relaying real-time occupancy status to a central server and mobile application. The system demonstrates that Raspberry Pi microcontrollers are well suited for continuous sensor integration, real-time data processing, and networked communication with backend systems. However, the architecture models each parking facility as a single-level entity with sensing limited to entry and exit points, and does not address floor-level occupancy detection or vertical traffic flow management [14].
Teradal et al. extend the concept of smart parking beyond basic occupancy monitoring by integrating Raspberry Pi 4 with machine-learning techniques for automated vehicle identification and access control. Their architecture demonstrates that Raspberry Pi 4 devices possess sufficient computational capacity to host lightweight machine-learning models while simultaneously managing local parking infrastructure and supporting real-time decision-making at controlled access points. However, the system focuses on ingress authentication and does not address vehicle distribution within multi-storey structures [15].
Jabbar et al. present an IoT-enabled Raspberry Pi-based parking management system (IoT-PiPMS) integrating ultrasonic sensors, a Pi camera module, and GPS for comprehensive parking slot monitoring within a smart campus environment. Sensor and image data are processed locally using Python-based algorithms before transmission to the Blynk IoT cloud platform, highlighting the suitability of Raspberry Pi 4 as a unified IoT controller capable of supporting multi-sensor data fusion without additional gateway hardware. While the system demonstrates strong performance for outdoor, campus-scale environments, it is designed exclusively around flat, single-level layouts and does not incorporate mechanisms for floor-level differentiation or inter-storey navigation [16].
Collectively, these implementations validate the Raspberry Pi platform for smart parking applications but reveal a consistent research gap: none address the spatial complexity of multi-storey structures where floor-level occupancy detection, vertical navigation, and distributed node management are required. This limitation highlights the need for further research into extending Raspberry Pi-based solutions toward vertically structured parking environments.


[bookmark: _Toc235697544]Computer vision solutions
Other solutions, such as those proposed by Wang et al. Utilize a technology known as computer vision sometimes referred to as machine vision to detect parking space occupancy. While traditional sensors like ultrasonic or geomagnetic systems offer high accuracy, they are often expensive and difficult to scale across large or multi-level parking facilities. In contrast, vision-based methods are inexpensive and, with the appropriate middleware and processing frameworks, can be scaled efficiently. The approach adopted in this proposal involves a combination of image pre-processing and deep learning. Initially, parking spaces are manually isolated using prior masks, allowing for patch-based classification where each segmented space is categorized as either vacant or occupied. These patches are then processed by a general-purpose module known as the Global Perception Feature Extractor (GPFE). The GPFE leverages transformer encoders to extract global contextual features from the image patches, significantly enhancing the accuracy and robustness of parking space state detection, particularly under varying lighting conditions. [14] Similarly, Luiz Eduardo et al. proposed a parking space occupancy monitoring system that integrates computer vision with an embedded IoT platform specifically, the Tolifex IoT Platform (TIP). In their implementation, the primary input device was an OV5647 5-megapixel camera connected to a Raspberry Pi 3, which ran OpenCV for image processing. The processed data was then fed into the MVS-D dashboard, enabling real-time visualization and management of parking space occupancy. [15] Sriramdharnish K et al. proposed the development of a system model to be integrated into existing infrastructure. This system model utilised machine vision as the primary input and utilised IoT middleware to process the images, demonstrating the adaptable and versatile nature of IoT devices such as microcontrollers. effectively eliminating the need for expensive or convoluted sensors increasing its accuracy via artificial intelligence (AI). [16] This demonstrates that with appropriate pre-processing techniques vision-based solutions, can be satisfactorily implemented even in darker enclosed environments such as those seen in a multi-storey parking garage where accuracy can be enhanced further with better camera equipment or by utilising artificial intelligence.
However, all three implementations assume consistent or controllable lighting conditions, a significant limitation when applied to multi-storey facilities where illumination varies dramatically between open ramp areas and enclosed interior levels. None evaluate detection performance under the transitional or low-light conditions typical of such structures, nor do they consider the computational trade-offs inherent in performing inference on resource-constrained edge hardware rather than dedicated server infrastructure. These limitations directly informed the present system’s adoption of adaptive preprocessing and a lightweight dual-model voting mechanism designed to maintain detection reliability across variable illumination without requiring dedicated GPU resources.


[bookmark: _Toc235697545]YoloV8 and deep learning algorithms in parking solutions
Building on the use of computer vision, many recent solutions have integrated deep learning models to improve the accuracy of image processing. For instance, Mahabintang Pallawabonang et al. incorporated the You Only Look Once (YOLO) version 8 model into their system to enhance vehicle detection capabilities. This approach involves pre-training the YOLO model on the Common Objects in Context (COCO) dataset, which is then loaded and applied to each frame of a video stream captured via OpenCV. The model detects various objects within the frame, with a primary focus on vehicles. It applies bounding boxes to these detected vehicles, enabling an approximate determination of their location within each frame. [17] R. Srinivasan et al. Introduce a deformable convolution-based network DEN-YOLO, built from the general-purpose YOLOv8 architecture, adapted to handle both vehicle classification and licence plate detection due to its robust architecture and generalization capabilities. To enhance the image quality under challenging conditions a dark channel algorithm is applied which minimizes the effect dispersed air particles may have on the quality of the images. Contrast limited adaptive histogram equalisation (CLAHE) is used to address poor contrast in nighttime images. This preprocessing would be particularly valuable in enclosed parking infrastructure where dim and awkward lighting often leads to inaccurate computer vision outputs [18]. Given YOLOv8’s high speed inference and strong object detection performance it is well suited to be adapted for multi-storey smart parking solutions. The model’s ability to process video streams in real time allowing for continuous monitoring of vehicle entry and exit across multiple levels. It is also possible to integrate licence plate recognition much like the system implementation in DEN-YOLO, this would allow the model to not only detect and count cars but to also identify individual vehicles enabling dynamic space allocation and automated access control as well as duration tracking. The model’s adaptability to various lighting and environmental conditions ensure reliable performance for both open-air and enclosed parking structures making it a versatile solution for modern parking applications.
While both studies demonstrate YOLOv8’s suitability for real-time vehicle detection, neither evaluates the model’s performance under the specific conditions of enclosed multi-storey parking; namely uneven artificial lighting, reflective surfaces from wet floors or polished concrete, and the partial occlusions caused by structural pillars, barriers, and adjacent vehicles. Furthermore, both employ single-model architectures providing no mechanism to distinguish genuine detections from false positives caused by environmental artefacts, a limitation particularly concerning in enclosed environments where reflections and shadows are prevalent. Srinivasan et al.’s application of CLAHE preprocessing is particularly relevant to the present work as it demonstrates that model performance in degraded conditions can be substantially improved through targeted image enhancement rather than model retraining, an approach adopted and extended in this project’s adaptive detection pipeline.


[bookmark: _Toc235697546]Occlusion detection 
Zhou and Yuan et al. propose a data‑driven approach for improving object detection under partial and heavy occlusion, a long‑standing challenge in computer vision. Their method builds on deformable part models (DPMs) by explicitly modelling occlusion at the part level: starting from a DPM trained on fully visible objects, an exponential pool of candidate occlusion patterns is generated by enumerating subsets of visible parts. From this pool, a compact set of occlusion patterns is automatically selected using a facility‑location–based optimisation that balances representativeness of training examples with discriminative detection performance. Each discovered occlusion pattern functions as a standalone detector and enables explicit part‑level occlusion reasoning, allowing the system to infer both visible parts and the extent of the full object under occlusion. The approach can be used independently or integrated with modern detectors such as Faster R‑CNN, and is validated on the PASCAL VOC datasets, demonstrating improved detection performance in occluded scenarios. [19]
While the part-level occlusion modelling proposed by Zhou and Yuan addresses a theoretically important challenge, its computational complexity and reliance on deformable part models renders it impractical for deployment on resource-constrained edge hardware such as the Raspberry Pi platform employed in this project. In multi-storey parking environments occlusion from structural pillars and adjacent vehicles is indeed common; however, the entry-point detection approach adopted in the present system largely mitigates this concern by capturing vehicles in isolation as they pass through a defined detection zone rather than attempting to identify and classify them within a crowded parking area. This architectural decision to detect at entry and exit points rather than within bays represents a pragmatic trade-off, one that avoids the occlusion problem entirely for the purposes of occupancy counting whilst acknowledging that bay-level detection remains a requirement for the proposed drone reconciliation subsystem.

[image: ]
[bookmark: _Toc229502544][bookmark: _Toc235699429]Figure 1- Novelty dog example for Occlusion informed patterns
[bookmark: _Toc235697547]
Drone based solutions
Tasato Yuske et al. demonstrate the potential of drone-based automation in smart parking systems, employing a Parrot AR.Drone 2.0 to capture RGB images of parking bays. The system detects white boundary lines before converting to HSV colour space for improved robustness against faded paint, then applies template matching against a reference dataset to classify each space as free or occupied [23].
Cheng-Fang Peng, Jun-Wei Hsieh et al. extend this concept through a more robust feature-fusion framework for drone-based vacant parking space detection. Their implementation extracts four key features from each parking space: Histogram of Oriented Gradients (HOG) capturing vehicle shape, Harris Corner density detecting structural features typical of vehicles, a custom colour-space transform distinguishing cars from background, and a local grey binary map capturing intensity differences between asphalt and vehicle-covered regions. These features are combined into a feature vector classified by a support vector machine with an RBF kernel, achieving an average accuracy of 97% across 19 parking sites with some videos achieving 100% precision [24].
Tung Minh Tran et al. introduce UIT-ADrone, a large-scale drone-based dataset comprising 51 video sequences (approximately 6.5 hours, 209,154 annotated frames) captured across real-world roundabouts in Ho Chi Minh City. The dataset targets realistic high-density urban traffic scenarios including wrong-way driving, illegal parking, and motorcycle incidents, recorded at varying times and flight altitudes introducing challenges such as illumination changes, camera motion, and significant scale variation. Baseline evaluations demonstrate that contemporary detection methods experience substantial performance drops on UIT-ADrone compared to simpler datasets, while cross-dataset transfer experiments confirm its value as a benchmark for developing robust drone-based surveillance systems [25].
Collectively, these works highlight a clear progression from traditional vision pipelines to data-driven approaches, demonstrating that drones can reliably replace human intervention in large-scale outdoor monitoring tasks [26]. Despite this progress, a notable research gap remains in indoor drone deployment, particularly for multi-storey or underground car parks. All surveyed studies assume open outdoor settings with favourable lighting, wide fields of view, and often GPS availability, conditions that do not translate indoors. Challenges such as low illumination, GPS denial, reflective surfaces, occlusions, and constrained navigation are largely unaddressed, and existing datasets including UIT-ADrone contain no indoor scenarios. This gap highlights a clear opportunity for research into indoor drone-assisted parking detection, integrating robust vision models with localisation and navigation in enclosed environments.


[bookmark: _Toc235697548]Event based architecture
Initial prototypes of the parking detection software were developed using a traditional request-response model to validate core functionality. However, as system requirements evolved to include real-time updates and multiple downstream data consumers, it became apparent that this approach was increasingly unsuited to the growing complexity of the system. Consequently, the system was refactored towards an event-driven approach.
This transition is well supported by the literature. Wan et al. investigated the role of Machine-to-Machine communications in enabling large-scale smart city systems, proposing an event-based architecture centred on an event manager that distributes state changes asynchronously to interested consumers, reducing direct dependencies between components and improving modularity and scalability. Their vehicular case study demonstrates that such architectures can handle high volumes of mission-critical messages while maintaining real-time responsiveness [27]. Dunkel further argues that traditional data processing approaches are ill suited to handling high-frequency, time-dependent sensor events, advocating Complex Event Processing (CEP) to detect meaningful higher-level events by analysing temporal and logical relationships between raw sensor data [28]. Rahmatulloh et al. provide empirical evidence through performance testing that event-driven architectures achieve higher throughput, reduced latency, and improved scalability compared to synchronous approaches, particularly under high-frequency workloads [29]. These findings collectively establish event-driven architecture as the appropriate paradigm for real-time, sensor-driven applications such as smart parking systems.

[bookmark: _Toc235697549]MQTT – Wireless
Message Queuing Telemetry Transport (MQTT) is a lightweight messaging protocol commonly adopted in Internet of Things (IoT) projects to enable efficient communication between distributed systems. It follows a publish–subscribe model, making it well suited to event-driven architectures in which producers publish events to a broker for consumption by downstream subscribers. MQTT is specifically designed to operate effectively in low-bandwidth, high-latency, or unreliable network environments [30].
Pavan Kumar V et al. propose an IoT-based smart parking solution utilising ultrasonic and infrared sensors communicating wirelessly with an Arduino controller via ESP8266 modules, demonstrating the feasibility of low-cost sensor-driven occupancy detection. However, the system relies on HTTP for data transmission and does not address scalability, communication efficiency, or fault tolerance under sustained operation, highlighting opportunities for adopting more efficient IoT communication protocols in multi-storey deployments [31]. Messina et al. address these limitations directly through a lightweight IoT parking framework integrating LoRa sensors with edge gateways, employing MQTT as the higher-level protocol for telemetry exchange, system monitoring, and synchronisation. Experimental evaluation under fault injection and high-traffic conditions demonstrates acceptable latency, effective message dissemination, and resilience to gateway failures. However, the evaluation is limited to controlled test-bed conditions and does not examine challenges specific to multi-storey environments including vertical signal propagation, inter-floor reliability, and hierarchical topic management [13].


[bookmark: _Toc235697550]Research design and philosophy.
This research adopts a positivist philosophy, grounded in the assumption that reality is objective, observable, and measurable through empirical data. Positivism is particularly suited to this study as the effectiveness of a smart parking solution can be objectively evaluated using quantifiable performance metrics such as time efficiency, space utilisation, and system responsiveness. This philosophy supports statistical analysis and enables objective conclusions to be drawn regarding system performance within a multi-storey parking environment.
A deductive research approach is employed, whereby existing theories and concepts relating to parking management systems, user efficiency, and spatial optimisation are used to inform the development of testable hypotheses. Concepts such as reductions in search time, improved space utilisation, and decreased congestion are derived from existing literature and are empirically evaluated using numerical data collected from the system prototype.
The research strategy combines software prototyping and simulation to implement and evaluate a smart parking solution within a controlled environment. The prototype demonstrates key system functionalities, including real-time occupancy detection and guided parking allocation. This approach enables technical validation of the system while ensuring that measurable outcomes can be reliably captured and analysed.
Data collection is conducted using a cross-sectional design, capturing system performance data at a single point in time to assess the immediate impact and feasibility of the proposed solution. Quantitative data includes metrics such as average time saved when locating available parking spaces, reduction in unnecessary floor traversal, and improvements in overall space utilisation within the parking facility.
Data analysis is performed using descriptive and inferential statistical techniques, enabling comparisons between baseline parking behaviour and system-assisted parking performance. Results are presented through appropriate visualisations, including graphs and charts, to clearly illustrate performance differences and emerging numerical patterns.
Overall, this methodology ensures alignment with the research aims and objectives by applying a systematic, objective, and data-driven approach. The use of measurable indicators and statistical analysis provides a robust basis for evaluating the effectiveness of the smart parking solution while supporting clear, evidence-based conclusions.


[bookmark: _Toc235697551]Project Specific Custom tooling
[bookmark: _Toc235697552]Gantt Chart Application for project management
Initially, the development cycle for the practical components followed an agile lifecycle, with functionality introduced and tested incrementally across successive releases. This enabled issues to be identified and traced more easily, while supporting ongoing testing and iterative improvement.
This approach was strongly suited software design and development stages. However, as the nature of the work changed across the project as scope and resources worked with changed a hybrid approach needed to be adopted. 
To facilitate this shift from an agile approach to a milestone-based lifecycle. New software was needed to dynamically manage and track tasks across the span of the project to support a variety of tasks spanning different phases that could also differentiate between the original agile approach and the now milestone-based approach. To meet these requirements, it was decided that bespoke software should be developed as opposed to using an off-the shelf solution.
Current off the shelf tools such as Microsoft Project or Jira impose rigid workflow models, typically agile in the form of kanban or sprints or a waterfall style approach but not both simultaneously as such a bespoke solution allows the tool to be tailored exact for the current workflow and nature of the tasks. Displaying both agile and milestones in a unified view. The Phase system in the application allows tasks to be grouped under distinct phases allowing for logical and visual separation of tasks and by design agile or milestone-based tasks.
[image: ]
[bookmark: _Toc235699430]Figure 2 - Gantt software running


[bookmark: _Toc235697553]Design choices – Gantt software
Separating project tasks and phases into distinct entities to manipulate and work with required design and implementation of a data model with clear relationships. This is achieved through foreign keys allowing tasks to belong to a phase and a phase to a project. By allowing the user to pick custom colours that’s configurable even after creation with sorted ordering users can see a visual representation of the different phases even with overlap and view the iterations of tasks especially pertinent in the agile phases. To further facilitate a smooth workflow even across approach transitions users can select dependencies in tasks for other tasks they depend on increasing versatility enabling sequencing that mirrors both sprint-based incremental delivery and milestone gating.


[bookmark: _Toc235697554]Technology Choices best practices – Gantt Software
A combination of both NodeJS and express provide a lightweight ultra responsive server suitable for a single-user project management tool without introducing the complexities using a full framework, data modelling and design takes place using SQLite via better-sqllite3 as relational integrity with the use of primary and foreign keys and cascade deletion protection via a WAL mode for safe concurrent reads and writes with synchronised persistence that is not tied to a single browser session


[bookmark: _Toc235697555]Research materials
To supplement successful development and implementation of this project various technical aspects and practical resources have been gathered. The following materials provide essential information and guidance on hardware and software interoperability as well as providing foundational understanding on programming techniques and model development or usage. The following sections highlight key aspects of the project and highlight key documentation or relevant technical aspects throughout the project.
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[bookmark: _Toc235699432][image: ]Figure 4 – Refined design using a laptop as a web server
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[bookmark: _Toc229502549][bookmark: _Toc235699433]Figure 5 – Updated diagram integrating drone subsystems and Event-driven- architecture (EDA)

Figure 3 illustrates the initial conception using USB COM ports, while Figure 4 reflects the refined design incorporating a web server in place of hardline connections. Figure 5 presents the finalised architecture integrating drone subsystems and event-driven architecture, as designed in fulfilment of Objective 2


[bookmark: _Toc235697557]Technical Documentation
[bookmark: _Toc235697558]Overview
In fulfilment of Objective 2, the following sections detail the design of the prototype architecture comprising an event-driven server, dual-model YOLO detection pipeline, and a proposed drone-based bay-level reconciliation subsystem.

[bookmark: _Toc235697559]Server (C.D.S.W)
· Node.js + Express - web server, REST API
· Python + Ultralytics YOLO - car detection (v8s + v11s dual model voting)
· Server-Sent Events (SSE) - real-time dashboard updates
· Multer - image upload handling
· Discord Webhooks - capacity alerts
· dotenv - config management

[bookmark: _Toc235697560]Dashboard
· Vanilla HTML/CSS/JS - no framework, just SSE listeners updating the DOM

[bookmark: _Toc235697561]General workflow
Camera image upload → Node.js server → Python YOLO worker (dual-model voting) → ParkingLot counter update → SSE to dashboard + Discord alerts


[bookmark: _Toc235697562]Programming Resources
The detection layer is implemented in Python 3.x, leveraging the Ultralytics YOLO framework for object detection and OpenCV for image preprocessing. A dual-model voting approach employs both YOLOv8s and YOLO11s simultaneously, accepting only detections where both models produce overlapping bounding boxes above an Intersection over Union threshold of 0.5. The Python worker runs as a persistent subprocess communicating with the Node.js server via line-delimited JSON over stdin/stdout, eliminating per-request process spawning overhead [32] [33].
The server architecture follows an event-driven pattern using Node.js EventEmitters. The ParkingLot model emits state changes on entry/exit events, which are consumed by SSE streams for real-time dashboard updates and by a Discord webhook module for threshold-based alerts. A separate ParkingMap model handles drone patrol data, reconciling bay-level occupancy against the entry/exit counter to detect and correct drift.


[bookmark: _Toc235697563]C.D.S.W software stack
[bookmark: _Toc235697564]Event-Driven Architecture with Real-Time Communication
In fulfilment of Objective 3, the following sections detail the development of the system based on the designed architecture, implementing real-time SSE streaming, threshold-based alerting, and drift correction between entry/exit counts and physical bay occupancy.
The systems architecture is fundamentally event-driven by design being informed directly by the limitations of traditional request-response models identified in the literature Wan et al. [20] demonstrated that tightly coupled centralised architectures are inefficient for managing the complicated requirements systems of this nature instead opting for an event-based architecture centred on asynchronous communication between edge devices and application level services, further reinforcing this design pattern Dunkel argues that traditional data processing approaches are ill suited to handling high-frequency time-dependent sensor events advocating for complex event processing to detect meaningful state changes from raw data streams. Rahmatulloh et al. provided empirical evidence that event-driven architectures achieve higher throughput, reduced latency and improved scalability compared to synchronous approaches particularly under high-frequency workloads.
These findings directly shaped the implementation of car detection software (C.D.S.W). Both core domain models, ParkingLot and ParkingMap, extend NodeJS’s EventEmitter class, decoupling state mutations from their downstream consumers see figure 5. When a vehicle enters or exits the ParkingLot instance emits a named event wherein the Dashboard, Discord messaging utilities and server logs all subscribe independently with no direct dependency between them mirroring the decoupled event-manager pattern described by Wan et al. [20] where devices generate events in response to state changes that are distributed asynchronously to interested consumers. Real time delivery to the browser dashboard is achieved through two independent Server-Side Event (SSE) channels, /events for parking state and /patrol/events for drone map updates. SSE was chosen over WebSocket for its simplicity and unidirectional nature aligning well with the system’s data flow where the server is the sole producer of state updates. Event listeners are attached on client connection and cleanly removed on disconnect, a practical consideration for preventing memory leaks under sustained operation that is not addressed in the reviewed literature but is essential for production reliability.


[bookmark: _Toc235697565]Computer Vision and Ensemble Detection
The literature establishes a clear trajectory from traditional sensor-based parking detection toward vision-based approaches. Wang et al. [14] demonstrated that vision-based methods, when combined with appropriate preprocessing and deep learning, can match or exceed the accuracy of ultrasonic and geomagnetic sensors at lower cost and with greater scalability. Luiz Eduardo et al. [15] validated this in practice using an OV5647 camera connected to a Raspberry Pi running OpenCV, while Sriramdharnish et al. [16] further demonstrated the adaptable nature of IoT microcontrollers as vision-processing platforms. The adoption of YOLOv8 specifically being well supported. Pallawabonang et al. [17] demonstrated its effectiveness for real-time vehicle detection from video streams, and Srinivasan et al. [18] showed that YOLOv8's architecture can be adapted for challenging conditions through preprocessing techniques such as dark channel algorithms and CLAHE, which would be particularly valuable in the dim, enclosed environments typical of multi-storey car parks.
C.D.S.W adopts this vision-first philosophy entirely, using camera input at entrance and exit points rather than physical sensors. However, the implementation extends beyond the single-model approaches found in the literature by employing an ensemble voting mechanism. The Python detection worker loads two models simultaneously, YOLOv8s and YOLO11s, and runs both against every captured frame. Only detections where both models produce overlapping bounding boxes, determined by an Intersection over Union threshold of 0.5, are accepted as valid. This agreement-based voting reduces false positives that either model might produce independently, a concern particularly relevant in enclosed parking environments where reflections, shadows, and partial occlusions are common. Zhou and Yuan et al. [19] highlighted the challenge of detection under partial and heavy occlusion, proposing part-level occlusion modelling to improve robustness; the dual-model voting in C.D.S.W addresses a similar concern through architectural redundancy rather than model-level modification. Both the confidence threshold and IoU threshold are configurable via environment variables, and the voting mechanism itself can be toggled off entirely for single-model operation, allowing the system to be tuned for different deployment environments or resource constraints.


[bookmark: _Toc235697566]Image Preprocessing and Adaptive Detection
A critical limitation identified during initial testing was the complete failure of both YOLO models to detect vehicles under low-light conditions. With mean frame brightness below approximately 50 (on a 0–255 scale), neither model produced detections above the confidence threshold regardless of vehicle presence. This is consistent with the findings of R. Srinivasan et al. [21], who identify low-contrast imagery as a primary failure mode for vision-based parking systems and employ dark channel algorithms and CLAHE preprocessing to address it. Rather than accepting this as an inherent limitation, a server-side preprocessing stage was implemented within the persistent Python worker, applied to every frame immediately prior to model inference.
The preprocessing pipeline converts each frame to LAB colour space and applies Contrast Limited Adaptive Histogram Equalisation (CLAHE) to the lightness channel only, preserving colour information while normalising local contrast. A clip limit of 4.0 and a 4×4 tile grid was selected through empirical testing: lower clip limits (2.0) produced insufficient contrast enhancement in near-dark conditions, while higher values introduced artefacts that confused the detection models. A bilateral denoise filter was evaluated but ultimately disabled after testing demonstrated that it destroyed the high-frequency edge features upon which YOLO’s convolutional layers depend, paradoxically reducing detection confidence in the conditions it was intended to address.
To optimise the precision-recall trade-off across varying lighting conditions, an adaptive detection mode was implemented. The system measures the mean brightness of each raw frame prior to preprocessing. If brightness falls below a configurable threshold (default: 60), the system bypasses the dual-model voting mechanism and employs YOLO11s alone, which demonstrated consistently superior performance in degraded conditions during comparative testing. In normal lighting, dual-model voting is retained for its higher precision and resistance to false positives. This adaptive approach acknowledges that the IoU-based agreement requirement of dual-model voting, while valuable for eliminating spurious detections in well-lit scenarios, becomes overly restrictive when both models are operating at reduced confidence due to poor input quality. The detection mode and raw brightness value are logged on every inference pass, providing full traceability of the decision path and supporting ongoing evaluation of the threshold boundary.


[bookmark: _Toc235697567]Polyglot Architecture and Persistent Worker Design
A distinctive architectural decision in C.D.S.W is the separation of the HTTP server and the machine learning inference engine into two distinct runtime environments. Node.js for request handling, SSE streaming and event orchestration with Python for YOLO-based detection. This polyglot approach is motivated by practical considerations. NodeJS excels at concurrent I/O and event-driven networking, while Python provides the mature machine learning ecosystem required for ultralytics, OpenCV and PIL. Rather than communicating over HTTP, which would introduce serialisation overhead and network latency for what is fundamentally a local operation the two processes communicate via stdin/stdout using line-delimited JSON. The Node.js server writes an image file path to the Python worker's stdin allowing the persistent worker to process the image and write a JSON result to stdout.
Critically, the Python worker is spawned once at server boot and persists for the lifetime of the application as loading two YOLO models into memory is an expensive operation, a per-request spawn model would introduce unacceptable cold-start latency. The persistent worker amortises this cost across all requests. Inside the Python process, stdout is redirected to stderr to prevent YOLO's internal logging from corrupting the JSON communication protocol, a practical detail that ensures protocol integrity. This inter-process communication pattern is not directly addressed in the reviewed parking literature, which tends to assume monolithic architectures or cloud-based inference pipelines, but it represents a pragmatic solution for edge-deployable systems where both low latency and ML capability are required.


[bookmark: _Toc235697568]Multi-Storey Floor-Level Tracking
A recurring criticism throughout the literature review is the absence of floor-level differentiation in existing smart parking solutions. Arora et al. [21] model each parking facility as a single-level entity with sensing limited to entry and exit points. Jabbar et al. [22] demonstrate strong performance for campus-scale environments but design exclusively around flat, single-level layouts. Teradal et al. [23]. focus on ingress authentication without addressing vehicle distribution within multi-storey structures. This limitation is identified as a significant research gap across all reviewed Raspberry Pi-based and IoT-based systems; even Melnyk et al. [24], who specifically target multi-storey facilities with MQTT-based real-time updates, rely on centralised spot assignment rather than per-floor independent state management.
C.D.S.W addresses this gap directly. Every API endpoint accepts a floor parameter, and ParkingLot and ParkingMap instances are lazily instantiated per floor and stored in a Map structure, meaning the system dynamically scales to accommodate any number of floors without predefined configuration. Each floor maintains entirely independent state of vehicle count, cumulative entries and exits, alert flags, and drone patrol data. The dashboard includes a floor selector that, upon change, closes the existing SSE connection and opens a new one scoped to the selected floor, providing per-floor real-time visibility. This design means that a single server instance can manage an entire multi-storey facility, with each floor operating as an isolated domain, directly addressing the vertical scalability gap identified in the literature.


[bookmark: _Toc235697569]Proposed Drone-Based Reconciliation Subsystem
Beyond the entry/exit detection pipeline, the system architecture incorporates a proposed drone-based patrol subsystem designed to provide bay-level occupancy verification and drift correction. The literature demonstrates growing potential for drone-based vision systems in parking monitoring, with Tasato Yuske et al. [23] employing classical computer vision with template matching from drone imagery, and Peng and Hsieh et al. [24] achieving 97% accuracy across outdoor parking sites using feature-fusion with SVM classification. However, as identified in the literature review, all surveyed drone studies assume open outdoor environments with favourable lighting, wide fields of view, and GPS availability, conditions that do not hold indoors. The proposed subsystem was designed specifically to address this indoor gap: a Raspberry Pi 5 companion computer communicates with an ArduPilot flight controller via MAVLink, navigating using local NED (North-East-Down) coordinates rather than GPS to enable operation in GPS-denied enclosed environments. At each waypoint, the drone captures a frame via PiCamera2 and performs bay-level occupancy detection using classical computer vision techniques including Canny edge detection, contour analysis, and pixel intensity variance thresholding. This lightweight approach was chosen deliberately over deep learning to remain within the Raspberry Pi’s computational constraints. The drone-observed bay occupancy is then reconciled against the entry/exit counter via the server’s ParkingMap model, computing the absolute drift between the two sources and flagging mismatches beyond a configurable tolerance. This cross-validation mechanism represents a novel contribution not present in the reviewed literature, where parking systems typically rely on a single source of truth. While the drone subsystem was designed, partially implemented in software, and validated in simulation using ArduPilot’s SITL environment, logistical constraints prevented physical flight testing within a multi-storey structure during the project timeframe. Full evaluation of this component is identified as a priority for future work.


[bookmark: _Toc235697570]Threshold-Based Alerting and Notification
The system implements a state-machine-based alerting mechanism within the ParkingLot model. When the vehicle count on a given floor reaches a configurable capacity threshold, a "parking full" alert is dispatched via Discord webhook. With an alert flag preventing duplicate notifications, once triggered it will not re-fire until sufficient spaces have freed up determined by a configurable buffer, at which point a "spaces available" notification is sent and the cycle resets. This hysteresis pattern prevents alert flooding during periods where the count oscillates around the threshold. Discord was selected as the notification channel for its zero-cost, zero-infrastructure webhook API, providing structured embed messages with floor, count and capacity fields. The webhook URL is validated against Discord's API URL pattern before transmission, preventing misconfiguration errors. While the literature discusses notification and publish-subscribe patterns in abstract terms, particularly Wan et al. [20]  regarding event distribution to interested consumers, C.D.S.W provides a concrete, low-overhead implementation of this principle.


[bookmark: _Toc235697571]Configuration, Scalability
All tuneable parameters are externalised server configuration, detection thresholds, and webhook credentials reside in environment variables, while drone flight parameters, waypoints, and sync settings are defined in a JSON configuration file. This separation means the same codebase can be deployed across different floors or buildings by changing configuration alone, supporting the scalability principles discussed by Ji et al. [8] and Pham et al. [9] regarding cloud-based architectures capable of handling large-scale deployment.
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[bookmark: _Toc229502550][bookmark: _Toc235699434]Figure 6 - Diagram of C.D.S.W software stack
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Figure 6.1 - Data flow, entrance/exit system





[image: ]




















[bookmark: _Toc229502551][bookmark: _Toc235699435]Figure 6.2 - Drone system data flow
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[bookmark: _Toc235699436]Figure 8 - Finalised implementation overview



[image: ][bookmark: _Toc235699437]Figure 9 - Physical deployment topology of the implemented IoT sensing pipeline, showing NAT-bridged communication across the university eduroam network



[bookmark: _Toc235697572]Software and tooling
The detection logic is written in Python 3.x, handling YOLO model inference for vehicle recognition. The web server runs on Node.js with Express which handles all HTTP requests and provides concurrency for real-time features such as Server-Sent events (SSE). Python detection scripts are invoked as child processes by the Node server when image analysis is required.
To deploy code onto the Raspberry Pi, a headless SSH approach is taken. SSH is enabled by placing an empty file named ssh in the /boot directory of the Pi's SD card. Once connected to the network, the Pi's IP address is identified using a network scanning tool such as nmap, and a remote session is opened. From this session, code can be edited directly using terminal editors or transferred from a development machine using scp or rsync, allowing development to take place in a full IDE environment before deployment. [25]


[bookmark: _Toc235697573]Project-Specific Materials 
[bookmark: _Toc235697574]Hardware Implementation
The physical layer of the system is comprised of three principal hardware components: a Raspberry Pi 5 single-board computer, an Arduino MKR WiFi 1010 microcontroller equipped with an HC-SR04 ultrasonic sensor, and a Raspberry Pi Camera Module 3 Wide. These components were selected based on low cost, low power consumption, and sufficient computational capability to support real-time image capture and wireless communication within the constraints of an enclosed multi-storey parking environment. This hardware configuration directly supports the event-driven architecture outlined in the system design, with each component fulfilling a distinct role within the detection pipeline.


[bookmark: _Toc235697575]Ultrasonic Detection Module (Arduino MKR WiFi 1010)
The Arduino MKR WiFi 1010 serves as the system’s primary trigger mechanism, responsible for detecting the physical presence of a vehicle at an entry or exit point. An HC-SR04 ultrasonic ranging sensor is connected to the board’s analogue pins and configured to continuously measure distance at 100ms intervals. Raw distance readings are passed through an exponential moving average filter (α = 0.3) to mitigate noise and transient fluctuations inherent to ultrasonic measurement in enclosed environments such as multi-storey car parks where reflective surfaces and ambient interference are common.
When the smoothed distance falls below a configurable threshold (100cm), the system enters an object-tracking state and begins counting consecutive angular positions at which an object is detected. Upon the object leaving the detection zone, the accumulated step count is classified into size categories: SMALL (more than 1 step), MEDIUM (more than 3 steps), or LARGE (more than 6 steps, representing approximately 18 degrees of arc obstruction). Only LARGE classifications, indicative of a vehicle-sized object spanning a significant portion of the monitored lane, trigger a publication event to the MQTT broker. A 2-second debounce window prevents duplicate transmissions from a single vehicle pass. This event-driven approach ensures that the computationally expensive vision pipeline is only invoked when a vehicle-sized object is genuinely present, conserving system resources and reducing false activations. The board connects to the local wireless network and authenticates with the Mosquitto MQTT broker hosted on the Raspberry Pi, publishing the classification string to the ‘sonar/object’ topic.
This design decision to use an ultrasonic sensor as the initial trigger rather than continuous camera polling is significant. As noted in the literature, solutions such as those proposed by Khana and Anand [10] utilise ultrasonic sensors for occupancy tracking due to their low cost and reliability. In this implementation, the ultrasonic module acts not as the primary detection mechanism but as a gating device, ensuring the more resource-intensive vision-based detection is only engaged when warranted. This aligns with the project’s emphasis on resource efficiency and scalability across multiple entry and exit points.
[bookmark: _Toc235697576]
Servo-Driven Scanning Mechanism
The detection module was extended with a TowerPro MG90D metal-gear micro servo, enabling the ultrasonic sensor to sweep across a 60-degree arc (60° to 120°) rather than monitoring a fixed point. The servo is driven directly from the MKR WiFi 1010’s analogue pin A3 via the standard Arduino Servo library, requiring no additional motor driver hardware. The sweep is configured with 20 discrete steps at 3-degree increments, with a 150-millisecond dwell period at each position to allow the ultrasonic pulse to propagate and return before advancing. This yields a complete sweep cycle of approximately 3 seconds, providing spatial coverage of the entry lane while maintaining sufficient temporal resolution for vehicle detection.
This transition from a stationary to a scanning configuration necessitated a fundamental recalibration of the object classification thresholds. The original stationary implementation counted consecutive temporal readings below the distance threshold, with a vehicle-sized object producing 30 or more consecutive sub-threshold readings over approximately 3 seconds of continuous monitoring. In the scanning configuration, the width count instead represents the number of angular steps across which an object is detected a spatial rather than temporal measure. With only 20 steps per sweep, the original threshold of 30 was physically impossible to achieve. The recalibrated thresholds classify objects as LARGE (more than 6 consecutive steps, representing approximately 18 degrees of arc obstruction), MEDIUM (more than 3 steps), or SMALL (more than 1 step). Only LARGE classifications, indicative of an object spanning a significant portion of the monitored lane, trigger the downstream detection pipeline. This recalibration preserves the gating function of the ultrasonic module while adapting to the fundamentally different measurement modality introduced by the servo sweep.
The scanning approach offers several advantages over the fixed-beam configuration. Firstly, it provides spatial awareness of object position within the monitored zone, with each scan publishing angle-distance pairs to a dedicated MQTT topic (‘sonar/scan’) that could support future positional tracking or multi-lane discrimination. Secondly, it reduces susceptibility to static false triggers from walls or permanent fixtures, as these produce consistent readings across all sweep positions and can be distinguished from transient vehicle-shaped obstructions. Thirdly, it extends the effective detection zone from a narrow beam to a 60-degree cone, reducing the criticality of precise sensor alignment during installation.


[bookmark: _Toc235697577]Edge Processing Node (Raspberry Pi 5)
The Raspberry Pi 5 functions as the system’s edge processing node, bridging the gap between the low-level sensor trigger and the centralised detection server (C.D.S.W). Running Raspberry Pi OS on a 64-bit aarch64 architecture with 4GB of RAM, it hosts a Mosquitto MQTT broker (v2.1.0) that receives trigger messages from the Arduino. A custom Python-based image broker script subscribes to the ‘sonar/object’ topic and, upon receiving a LARGE classification, immediately captures a 1920×1080 JPEG frame from the attached camera module via the libcamera-based Picamera2 library (v0.3.36). The captured image is then transmitted as a multipart HTTP POST request to the C.D.S.W detection server’s /entrance endpoint for processing by the dual-model YOLO pipeline.
A configurable debounce period of 5 seconds prevents redundant captures from rapid successive triggers. The Pi’s role as an intermediary node decouples the sensor layer from the detection layer, enabling independent scaling. Multiple Arduino sensors could publish to the same broker without modification, and the broker’s target server could be redirected without altering the sensor firmware. This is particularly relevant to the multi-storey use case, where multiple entry and exit points across different floors would each require independent sensor nodes publishing to a shared infrastructure. The architecture mirrors the distributed IoT approach validated by Messina et al. [13] in their ESP32-based parking framework, where MQTT-based decoupling between sensing and processing layers was shown to improve scalability and fault tolerance.


[bookmark: _Toc235697578]Camera Module (Raspberry Pi Camera Module 3 Wide IMX708)
The imaging component utilises a Raspberry Pi Camera Module 3 Wide, based on the Sony IMX708 sensor. This module was selected for its wide-angle lens (120° field of view), which is particularly suited to capturing the breadth of a parking entrance or exit lane without requiring precise alignment or multiple camera units. The module interfaces with the Pi 5 via a CSI-2 ribbon cable and is controlled through the Picamera2 library with libcamera v0.7.1 as the backend driver.
The camera is configured for still capture at 1920×1080 resolution in RGB888 format, with a 180-degree rotation transform applied in software to accommodate the module’s physical mounting orientation. Auto-exposure is allowed a 2-second settling period upon initialisation to ensure consistent image quality across varying lighting conditions. This is a critical consideration given the typically uneven illumination found within multi-storey parking structures, as highlighted by R. Srinivasan etal. who employ dark channel algorithms and CLAHE preprocessing to address similar challenges in their DEN-YOLO implementation. While this system does not replicate those preprocessing steps at the edge, ensuring adequate exposure at capture time provides the YOLO detection pipeline with sufficiently clear input frames for reliable inference.


[bookmark: _Toc235697579]Communication Protocol (MQTT)
Inter-device communication between the Arduino sensor node and the Raspberry Pi edge processor is facilitated by the MQTT (Message Queuing Telemetry Transport) protocol. As discussed in the literature review, MQTT follows a publish–subscribe model making it well suited to event-driven architectures in which producers publish events to a broker for consumption by downstream subscribers. The Mosquitto broker hosted on the Raspberry Pi operates on the standard port 1883 with username and password authentication enabled.
This architecture was chosen over direct HTTP communication between the Arduino and the detection server for several reasons. Firstly, it decouples the sensor from the server, meaning sensors can be added or removed without modifying the detection pipeline. Secondly, it supports future expansion to multiple sensors across multiple floors without introducing additional complexity at the server level. Thirdly, MQTT imposes minimal overhead [13] [26] on the resource-constrained Arduino microcontroller compared to maintaining HTTP connections. MQTT Quality of Service level 0 (fire-and-forget) is employed, as occasional missed triggers are acceptable given the system’s debounce logic and the expectation of repeated detection opportunities as vehicles traverse the sensor zone. This aligns with the findings of Messina et al. [13] who validated MQTT’s suitability for distributed parking systems operating in dynamic environments, demonstrating acceptable latency and effective message dissemination under fault conditions.


[bookmark: _Toc235697580]Automatic Broker Discovery
A significant challenge in deploying IoT systems within dynamic network environments is the management of device addressing. In a DHCP-managed network, the IP address of the MQTT broker (hosted on the Raspberry Pi) may change following a power cycle or network disruption. Traditional approaches require either static IP assignment, which introduces administrative overhead and potential address conflicts, or manual firmware updates to the sensor node, which is impractical in a deployed system.
To address this, a zero-configuration broker discovery mechanism was implemented using UDP broadcast beacons. A lightweight Python service (‘piBeacon.py’) runs on the Raspberry Pi and broadcasts a discovery packet containing the device’s current IP address and hostname to the network’s broadcast address on UDP port 5555 at 30-second intervals. The Arduino MKR WiFi 1010 firmware was modified to listen for these broadcasts during its boot sequence rather than connecting to a hardcoded broker address. Upon receiving a valid beacon (identified by the ‘PIHERE:’ prefix), the Arduino parses the embedded IP address and initiates its MQTT connection to the discovered broker.
This discovery mechanism operates reactively: if the MQTT connection is lost during operation (indicating a potential broker reboot and IP change), the Arduino re-enters the discovery phase, listening for the next beacon broadcast before re-establishing communication. The beacon is additionally published as a retained MQTT message on the ‘system/pi/ip’ topic, enabling other network participants (such as the development workstation) to discover the Pi’s address via a separate tool (‘pi-discover’) that queries this retained message using a raw-socket MQTT implementation requiring no external dependencies.
This approach mirrors the service discovery patterns common in enterprise microservice architectures, adapted to the constraints of embedded IoT hardware. It eliminates a class of deployment failures related to network reconfiguration and supports the project’s scalability objectives: additional sensor nodes can be introduced to the network without any broker-side configuration, as they will autonomously discover and connect to the available broker upon power-up.


[bookmark: _Toc235697581]Integration and Data Flow
The complete hardware pipeline operates as follows: the ultrasonic sensor continuously monitors the entry point, upon detecting a vehicle-sized object the Arduino publishes a LARGE event to the MQTT broker. The image broker script running on the Raspberry Pi receives this event, captures a frame from the camera module, and transmits it via HTTP POST to the C.D.S.W server. Incoming image payloads are received by the Express server via Multer middleware, which handles multipart/form-data parsing and provides the uploaded file to the route handler. The server’s persistent Python worker then processes the image through the dual-model YOLO voting pipeline and returns a detection result. This result updates the ParkingLot event emitter, which in turn pushes real-time updates to the dashboard via Server-Sent Events (SSE) and triggers Discord alerts if occupancy thresholds are exceeded.
This end-to-end flow demonstrates the practical realisation of the event-driven architecture proposed in the system design. Each hardware component operates independently with clear boundaries of responsibility, communicating asynchronously through well-defined interfaces. The system was validated through physical testing with the Arduino sonar detecting objects, the Pi capturing and transmitting frames, and the server successfully identifying vehicles within the captured images using the YOLO detection pipeline.


[bookmark: _Toc235697582]Fault Tolerance and Self-Healing
The distributed nature of the hardware pipeline introduces multiple potential failure points: wireless connectivity loss, MQTT broker unavailability, camera hardware faults, and detection server downtime. A comprehensive resilience strategy was implemented across all pipeline stages to ensure the system degrades gracefully and recovers autonomously without manual intervention.
At the sensor layer, the Arduino firmware implements a multi-tiered recovery strategy. A periodic health check (every 10 seconds) verifies both Wi-Fi and MQTT connectivity, initiating reconnection procedures if either link has been lost. Wi-Fi recovery attempts up to 10 reconnections before performing a hardware reset via the SAMD21’s NVIC system reset facility. MQTT reconnection is attempted three times with the current broker address before falling back to a full re-discovery cycle via the UDP beacon mechanism described previously. Additionally, a hardware watchdog timer (WDT) with an 8-second timeout ensures that any unexpected firmware hang whether caused by a blocked network call, sensor timeout, or unforeseen state results in an automatic board reset rather than a silent failure requiring physical intervention.
At the edge processing layer, the image broker implements exponential backoff retry logic (delays of 2 and 4 seconds) when the detection server is unreachable, preventing network congestion from rapid retry loops while ensuring transient connectivity issues do not result in permanently dropped frames. Camera capture failures are tracked with a consecutive failure counter; three successive failures trigger an automatic camera reinitialization cycle, addressing the CSI interface’s occasional lock-up behaviour observed during extended operation. A separate MQTT health beacon publishes the broker’s operational statistics (trigger count, capture success rate, detection outcomes, and camera status) as a retained message every 60 seconds, enabling remote monitoring of the edge node’s health without requiring SSH access.
At the server layer, the YOLO detection worker is guarded by a 30-second inference timeout, preventing stuck detections from blocking the processing queue indefinitely. Malformed worker responses are caught and handled gracefully rather than crashing the server process. Should the Python worker exit unexpectedly, it is automatically respawned after a 3-second delay with all pending jobs rejected cleanly.
This layered approach to fault tolerance ensures that the system can recover from most failure scenarios autonomously. During validation testing, deliberate disruption of the Wi-Fi connection, broker restart, and camera disconnection all resulted in successful automatic recovery within the expected timeframes, with no data loss beyond the frames captured during the disruption window.


[bookmark: _Toc235697583]Centralised Health Monitoring and Auto-Recovery
Beyond individual component resilience, a centralised pipeline health monitoring system was implemented to provide remote observability and autonomous fault correction across all nodes. The architecture follows a hierarchical heartbeat model: the Arduino publishes a JSON health payload (uptime, RSSI signal strength, sweep count, and reconnection count) to an MQTT topic (‘system/arduino/heartbeat’) every 10 seconds, piggybacking on its existing periodic health check. The Raspberry Pi subscribes to this topic and aggregates the Arduino’s last-seen timestamp alongside its own system vitals CPU temperature, disk utilisation, camera availability, MQTT broker responsiveness, and image broker process state into a consolidated HTTP POST transmitted to the C.D.S.W server every 30 seconds.
The server maintains watchdog timers for each pipeline stage: a 90-second timeout for the Pi heartbeat and a 60-second staleness threshold for Arduino data as reported by the Pi. Should either watchdog expire, the system dispatches a structured alert via a dedicated Discord webhook, utilising colour-coded embeds to distinguish between critical failures, warnings, and recovery notifications. Deduplication logic ensures that a given failure condition triggers only a single alert, with a corresponding recovery notification sent upon restoration.
Critically, the Pi-side health reporter implements a tiered auto-recovery engine prior to escalation. When a monitored service (Mosquitto, the image broker, or the camera interface) is detected as unavailable, the system attempts corrective action automatically restarting the relevant process or clearing stale resource locks up to three times within a five-minute cooldown window. Only if all recovery attempts are exhausted does the system escalate to the server for external alerting. This design ensures that transient failures, which represent most operational disruptions in IoT edge deployments, are resolved autonomously without human intervention, and that alerts reaching the operator represent genuinely irrecoverable conditions requiring manual investigation.
This monitoring architecture addresses a gap identified but not addressed in the reviewed literature [27] [28], where IoT parking systems are typically evaluated under controlled conditions without consideration for long-running unattended operation. The self-healing capability transforms the system from one requiring periodic manual verification to one that actively maintains its own operational state, a necessary characteristic for any deployment intended to operate continuously across unsupervised periods.


[bookmark: _Toc235697584]Proof of Concept Testing and Evaluation
[bookmark: _Toc235697585]Testing Scope and Methodology
The following evaluation was conducted as a proof of concept (PoC) to validate the architectural decisions and end-to-end integration of the detection pipeline rather than to establish production-grade performance metrics. It is important to acknowledge that the testing environment was deliberately controlled and does not fully replicate the complexity of a live multi-storey parking deployment. The primary objective of this evaluation is to demonstrate that the individual system components ultrasonic trigger, MQTT communication, image capture, HTTP transmission, and YOLO inference operate cohesively as a functioning pipeline capable of detecting vehicles and maintaining an accurate count under ideal conditions.
The test environment comprised the Arduino MKR WiFi 1010 with HC-SR04 ultrasonic sensor, the Raspberry Pi 5 hosting the Mosquitto MQTT broker and image capture service, and the C.D.S.W detection server running the dual-model YOLO pipeline. All components communicated wirelessly over a local network (192.168.4.0/24), replicating the network topology expected in deployment. Testing involved placing a single stationary vehicle within the camera’s field of view and triggering the ultrasonic sensor to invoke the detection pipeline. System logs captured on the Raspberry Pi provide timestamped evidence of each trigger event and its corresponding detection outcome.


[bookmark: _Toc235697586]End-to-End Pipeline Validation
A controlled test session comprising 10 consecutive sonar triggers was conducted with a vehicle present in frame under direct illumination. The system achieved a detection rate of 100%, correctly identifying the vehicle in all 10 frames with the floor count incrementing from 1 through to 10 without drift or duplication. While this result is encouraging, it must be interpreted within the context of the highly controlled testing conditions. The vehicle was stationary, the camera angle was fixed, lighting was consistent, and only a single vehicle was present in each frame. These conditions represent an idealised scenario that eliminates many of the variables present in a production environment.
The 100% detection rate is attributable to several factors specific to the test setup. Firstly, the vehicle remained in a consistent position across all captures, providing the YOLO models with an identical feature set on each inference pass. Secondly, direct illumination ensured high contrast between the vehicle and its background, maximising the confidence scores returned by both models. Thirdly, the absence of occlusion, competing objects, or motion blur removed variables that would typically reduce detection confidence in real-world scenarios. These conditions effectively validate that the detection pipeline functions correctly when provided with optimal input, but do not constitute evidence of robustness under the variable conditions expected in a multi-storey parking environment.
It should be noted that after the initial proof-of-concept testing described above, the detection module was extended with a servo-driven sweep mechanism. The ultrasonic sensor now scans across a 60-degree arc in 20 discrete steps rather than monitoring a fixed point. This transition necessitated a complete recalibration of the classification thresholds: the original temporal width count (30+ readings over approximately 3 seconds) was replaced with a spatial step count (more than 6 consecutive angular positions below threshold). This recalibration was validated empirically during integration testing, where the original thresholds proved physically impossible to achieve given the reduced number of readings per sweep cycle. The revised thresholds successfully triggered the downstream pipeline under controlled conditions with a vehicle present in the detection zone.


[bookmark: _Toc235697587]Response Latency
Analysis of the broker logs reveals that the complete pipeline from sonar trigger to confirmed detection response consistently executes within approximately one second or less. Of the 10 successful detections, 8 completed within the same second as the trigger (sub-second latency), with the remaining 2 completing within one second. This latency encompasses MQTT message delivery, camera frame capture and JPEG encoding, HTTP multipart transmission across the local network, and dual-model YOLO inference with IoU-based voting.
This performance is attributable to the persistent Python worker design which keeps both YOLO models loaded in memory, eliminating cold start overhead on each detection request. The architectural decision to maintain a long-running subprocess communicating via stdin/stdout rather than spawning a new process per request is directly validated by these results. This latency is well within acceptable bounds for a parking entry system where vehicles are typically stationary or moving at low speed. However, it should be noted that latency may increase under higher computational load, larger image resolutions, or when preprocessing steps are introduced in future iterations.


[bookmark: _Toc235697588]Lighting Dependency
Prior to the successful detection run, five triggers were recorded under low ambient lighting with no direct illumination of the vehicle. All five returned zero detections despite a vehicle being present in frame. Upon enabling adequate lighting, detection success became immediate and consistent. This binary distinction 0% detection in low light versus 100% detection under illumination clearly demonstrates that the system’s detection capability in its current state is fundamentally dependent on input image quality.
This finding is consistent with the challenges identified in the literature. R. Srinivasan etal. employ dark channel algorithms to minimise the effects of dispersed air particles on image quality, and contrast limited adaptive histogram equalisation (CLAHE) to address poor contrast in nighttime images. The current system implements none of these preprocessing techniques, relying entirely on the raw camera output with only a two-second autoexposure settling period at initialisation. While entry and exit points in multi-storey facilities typically benefit from existing artificial lighting infrastructure, the complete absence of preprocessing represents a significant gap between the current proof of concept and a production-ready system. This limitation directly motivated the implementation of a CLAHE-based preprocessing stage, detailed in the Image Preprocessing and Adaptive Detection section below, which substantially addressed the low-light detection gap.


[bookmark: _Toc235697589]Detection Sensitivity and Scale Considerations
During testing, the system was observed to successfully detect a toy vehicle placed within the camera’s field of view under adequate lighting conditions. While this demonstrates the sensitivity of the YOLO models and their ability to generalise vehicle features across varying scales, it also highlights a potential consideration for production deployment. In a real multi-storey parking environment, the camera’s field of view would be constrained to the entry or exit lane where only full-size vehicles would reasonably be present. The ultrasonic gating mechanism further mitigates this concern, as the Arduino’s size classification requires more than 6 consecutive angular positions below the distance threshold (indicative of a vehicle-width object subtending at least 18 degrees of arc) before triggering the capture pipeline. Consequently, while the vision model itself may detect vehicle-like objects at smaller scales, the physical constraints of the ultrasonic trigger and the deployment environment provide sufficient contextual filtering to prevent false counting in practice.


[bookmark: _Toc235697590]Debounce and Filtering Validation
The debounce mechanism was validated through observation of the log timestamps. The minimum interval between processed events was consistently at or above the configured 5-second debounce window, confirming that rapid successive triggers from a single vehicle pass are correctly suppressed. This prevents duplicate counting scenarios where a slow-moving vehicle may remain in the ultrasonic sensor’s detection zone across multiple measurement cycles. Additionally, the payload filtering ensures that only LARGE classifications (more than 6 consecutive swept positions below threshold) trigger the image capture pipeline. Given the 3-degree step resolution, this equates to an object subtending at least 18 degrees of the monitored arc at typical entry lane distances, only vehicle-width objects achieve this, effectively filtering pedestrians and cyclists without additional logic.


[bookmark: _Toc235697591]System Robustness
The system implements comprehensive fault tolerance across all pipeline stages, as detailed in the Hardware Implementation section. Key mechanisms include Arduino-level Wi-Fi/MQTT reconnection with hardware watchdog reset, Pi-level exponential backoff retry and camera reinitialization, server-level worker respawn with inference timeouts, and centralised health monitoring with tiered auto-recovery and Discord alerting. These mechanisms were validated through deliberate disruption testing.



[bookmark: _Toc235697592]Image Preprocessing and Adaptive Detection
Following the identification of the lighting dependency described above, a preprocessing stage was implemented within the detection pipeline. CLAHE (Contrast Limited Adaptive Histogram Equalisation) is applied to the lightness channel of each frame in LAB colour space prior to YOLO inference, using a clip limit of 4.0 and a 4×4 tile grid. This configuration was determined empirically: a clip limit of 2.0 proved insufficient to raise detection confidence above threshold in low-light conditions (achieving 0.523 confidence versus the initial 0.55 threshold (subsequently lowered to 0.40 to support low-light operation)), while 4.0 consistently produced viable detections. A bilateral denoise filter was initially included but subsequently disabled after testing revealed it destroyed the edge features required by YOLO in degraded imagery, reducing detection confidence rather than improving it.
Additionally, an adaptive detection mode was implemented to optimise the precision-recall trade-off across varying lighting conditions. The system measures the mean brightness of each raw frame prior to preprocessing. If brightness falls below a configurable threshold (60 out of 255), the system bypasses dual-model voting and employs YOLO11s alone, which demonstrated superior performance in degraded conditions (achieving 0.624 confidence where YOLOv8s achieved only 0.412 on identical pre-processed frames). In normal lighting, dual-model voting is retained for its higher precision. This adaptive approach was validated empirically: in a near-dark environment (mean brightness 40.8, approximately 16% illumination), the system successfully detected a vehicle using single-model mode with CLAHE preprocessing, where previously no detection was possible under any configuration. The detection mode and frame brightness are logged on every inference pass, providing full traceability of the decision path.
The preprocessing is implemented server-side within the persistent Python worker, immediately prior to model inference. This placement was chosen over edge-side preprocessing on the Raspberry Pi for two reasons: firstly, it avoids placing additional computational burden on the resource-constrained Pi whose primary responsibility is rapid frame capture and transmission; secondly, it allows preprocessing parameters to be tuned iteratively without redeploying edge firmware. All preprocessing parameters are externalised as environment variables, enabling configuration changes without code modification. The preprocessing adds negligible latency to the inference pipeline, with total end-to-end response times remaining under 2 seconds even in low-light single-model mode.


[bookmark: _Toc235697593]Live Deployment Validation
To supplement the controlled proof-of-concept testing, a live deployment validation was conducted on 21 July 2026 using the complete pipeline in a real parking environment. The system operated continuously during an active period, processing vehicles entering a monitored lane under natural daylight conditions. The ultrasonic trigger threshold was reduced from LARGE (6+ angular steps) to MEDIUM (3+ steps) for this session following the observation that vehicles passing at typical entry speeds did not consistently subtend sufficient arc to satisfy the LARGE classification. This finding represents a significant calibration insight that the controlled testing environment could not reveal stationary objects in a laboratory setting produce sustained readings across many sweep positions, whereas moving vehicles in a live deployment traverse the detection zone within a smaller number of sweep cycles. The reduced threshold necessarily increases the sensitivity of the trigger layer, delegating primary false-positive filtering to the dual-model voting mechanism rather than relying on ultrasonic gating alone.
Over the duration of the session, the system performed 32 inference passes in dual-model voting mode. Mean frame brightness remained consistently between 107 and 145 (on a 0–255 scale), well above the adaptive mode threshold of 60, meaning CLAHE preprocessing was applied but the system never dropped to single-model fallback. Of the 32 inferences, 28 correctly identified cars present in frame with both models achieving IoU agreement above the 0.5 threshold. Two frames were correctly rejected by the voting mechanism despite containing a vehicle-like visual stimulus: in both cases, wind-induced fluctuation in the ultrasonic readings triggered image capture, and the resulting frame contained the reflection of a parked vehicle on a nearby surface. Both models detected something car-like in the reflection, however the bounding boxes did not achieve sufficient overlap to pass the IoU agreement threshold, resulting in correct rejection. This outcome validates the dual-model voting mechanism under real-world conditions, demonstrating that architectural redundancy at the vision layer provides effective false-positive filtering even when the upstream trigger layer admits noise.
Two additional frames resulted in false positive counts attributable to vehicle class misclassification. The detection worker filters exclusively for COCO class 2 (car); however, on two occasions the models classified a van as a car with sufficient confidence and IoU agreement to pass the voting threshold. The system consequently incremented the floor count for these events despite no car being present. This represents a limitation of the general-purpose pre-trained COCO model in a domain where the distinction between vehicle subcategories (car, van, truck) is less relevant than the binary question of whether a vehicle is present. In a production deployment, expanding the accepted detection classes to include all motorised vehicles (car, truck, bus) would eliminate this misclassification vector entirely, as the system’s purpose is to count vehicles regardless of subcategory. Alternatively, training a custom single-class model specifically for vehicle presence detection would avoid the inter-class confusion inherent in a general-purpose object detection model applied to a domain-specific task.
Inference latency demonstrated a clear warm-up profile consistent with the persistent worker architecture. The first inference after boot completed in 809ms as both YOLO models were loaded into memory. The second completed in 444ms, and subsequent inferences stabilised between 155ms and 200ms for the remainder of the session, confirming that the architectural decision to maintain a long-running subprocess amortises model loading costs effectively across sustained operation. This latency profile is well within acceptable bounds for a parking entry system and represents a substantial improvement over the sub-second performance observed in the controlled proof of concept, attributable to the models reaching thermal equilibrium in GPU memory during continuous operation.
The centralised health monitoring system operated throughout the session, with the Raspberry Pi reporting heartbeats at 30-second intervals. Pi CPU temperature remained between 44.4°C and 51.6°C, well below the 85°C overheat threshold, indicating that sustained inference-triggered image capture does not place undue thermal stress on the edge node. A single Arduino connectivity dropout was detected at 14:07:36 and automatically resolved by 14:08:37, triggering the expected CRITICAL alert followed by a RECOVERY notification via Discord. No manual intervention was required and the pipeline resumed normal operation upon reconnection, validating the fault tolerance mechanisms described in the hardware implementation section. The Discord alerting system also fired a capacity notification when the floor count reached the configured threshold at count 33, confirming end-to-end operation of the threshold-based notification subsystem under live conditions.
The live deployment validation demonstrates that the system operates reliably under real-world conditions with moving vehicles, variable lighting, environmental interference, and sustained load. The overall precision of 93.3% (28 true positives from 30 counted events) and recall of 100% (no cars were missed) represent a strong baseline for a proof-of-concept system using general-purpose pre-trained models. The two misclassification events are attributable to a configuration decision (single-class filtering) rather than an architectural limitation, and the two correct rejections validate the dual-model voting mechanism as an effective defence against both visual artefacts and upstream trigger noise.

[image: ]
[bookmark: _Toc235699438]Figure 10 - Full stack deployed the red box outlines the mkr 1010 board with HC-SR04 sensor, the blue box is the eduroam nat gateway running on an esp32 nano s3 and the yellow/orange box show the developer laptop running the C.D.S.W detection suite
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[bookmark: _Toc235699439]Figure 11 - C.D.S.W heartbeat alert to notify of connection loss
[bookmark: _Toc235699440]Figure 12 - Exit pipeline example from earlier build demonstrating multi-floor tracking and user alerting
[bookmark: _Toc235699441]Figure 13 - Car Park Status webhook alerting user to full car park

[bookmark: _Toc235697594]Summary of Results
The following table summarises the key performance metrics observed during proof-of-concept testing:
	Metric
	Result

	Detection accuracy (controlled, adequate lighting)
	10/10 — 100%

	Detection accuracy (low lighting, no preprocessing)
	0/5 — 0%

	Detection accuracy (low lighting, CLAHE + adaptive mode)
	5/5 — 100%

	Scale sensitivity
	Toy vehicle detected (mitigated by ultrasonic gating)

	Average end-to-end latency
	<1 second (8/10 sub-second, 2/10 at 1s)

	Debounce effectiveness
	100% — no duplicate counts observed

	Count accuracy
	1–10 incremental, no drift



These results validate the system’s core architecture and demonstrate that the event-driven pipeline, MQTT-based communication, and dual-model YOLO voting mechanism operate cohesively under controlled conditions. The initial proof of concept identified a critical lighting dependency, with both models failing entirely under low ambient illumination. As detailed in section 11.8, this finding directly informed the implementation of a CLAHE-based preprocessing stage and an adaptive single-model detection mode, which in follow-up validation achieved a detection rate of 5/5 under near-dark conditions (mean brightness 40.8) where previously no detection was possible. The proof of concept therefore demonstrates not only that the proposed architecture is viable, but that the iterative evaluation cycle identify limitation, implement targeted correction, revalidating can extend the system’s operational envelope into the conditions typical of enclosed multi-storey parking environments. Further evaluation across a wider range of environmental conditions is identified as a priority in Future Work.


[bookmark: _Toc235697595]Conclusion
This project set out to develop an intelligent parking management system for a multi-storey car park providing real-time occupancy tracking through computer vision and a proposed autonomous drone patrol verification subsystem. Four objectives were established: to critically analyse existing literature, to design a prototype architecture, to develop the system based on that architecture, and to evaluate it using established performance metrics. All four objectives have been fulfilled.
The literature review identified significant gaps in existing smart parking research, particularly the absence of multi-storey floor-level tracking in Raspberry Pi and IoT-based solutions, the lack of indoor drone deployment studies, and the limited application of event-driven architectures to parking systems requiring real-time state distribution. These gaps directly informed the system design and provided clear differentiation between this work and existing contributions.
The developed system, C.D.S.W, implements an event-driven architecture with a polyglot Node.js/Python stack, dual-model YOLO voting for vehicle detection, MQTT-based communication between distributed edge devices, and per-floor state management capable of scaling to arbitrary numbers of levels without predefined configuration. The ultrasonic trigger module provides resource-efficient gating, invoking the computationally expensive vision pipeline only when a vehicle-sized object is present. A comprehensive fault tolerance layer incorporating hardware watchdog timers, exponential backoff retry logic, tiered auto-recovery, and centralised health monitoring with Discord alerting ensures the system can operate unattended for extended periods.
Evaluation was conducted through both controlled proof-of-concept testing and a live deployment validation. The controlled testing achieved 100% detection accuracy under adequate lighting and validated end-to-end pipeline latency of under one second. The subsequent identification of a lighting dependency led to the implementation of CLAHE-based preprocessing and an adaptive single-model detection mode, which achieved 5/5 detection under near-dark conditions in follow-up validation. The live deployment validation with real vehicles demonstrated 100% recall and 93.3% precision, with the two false positives attributable to inter-class vehicle misclassification (van classified as car) rather than architectural failure. The dual-model voting mechanism was validated in the field when it correctly rejected reflection artefacts that had bypassed the ultrasonic trigger layer, demonstrating effective defence in depth.
The drone-based reconciliation subsystem was designed and validated in simulation but could not be physically deployed due to logistical constraints. This component, along with expanded environmental testing, multi-floor physical validation, and custom model training, is identified as future work. Nevertheless, the core contribution of this project — a functioning, self-healing, event-driven parking detection system validated under both controlled and live conditions — establishes a robust foundation upon which production-grade deployment and the proposed drone reconciliation capability can be iteratively developed.


[bookmark: _Toc235697596]Limitations and Future Work
[bookmark: _Toc235697597]Limitations
Several limitations of the current implementation must be acknowledged when interpreting the evaluation results. The controlled proof-of-concept testing was conducted with a single stationary vehicle under consistent lighting, eliminating variables such as motion blur, partial occlusion, and simultaneous multi-vehicle entry that would be present in a production environment. While the live deployment validation introduced real-world variability, it was limited to a single-entry point over a 15-minute observation window and did not evaluate sustained operation over days or weeks.
The detection pipeline filters exclusively for COCO class 2 (car), meaning other vehicle types such as vans, motorcycles, and buses are not counted unless misclassified. This was a deliberate simplification for the proof of concept but represents a configuration limitation rather than an architectural one, as the accepted class list is externalised via environment variables. The two false positives observed during live testing were a direct consequence of this single-class filtering interacting with inter-class visual similarity between cars and vans.
The ultrasonic trigger threshold was recalibrated from LARGE to MEDIUM for the live deployment after the original threshold proved insufficiently sensitive for moving vehicles at typical entry speeds. While MEDIUM proved effective, the optimal threshold for a given deployment geometry has not been formally characterised, and environmental factors such as wind were observed to produce spurious MEDIUM-level triggers. The system’s reliance on the dual-model voting mechanism to filter these false triggers, while validated in practice, represents a dependency that warrants further quantification across diverse environmental conditions.
Finally, neither the multi-storey floor-level tracking nor the drone-based reconciliation subsystem were validated beyond software simulation, as discussed in Future Work.


[bookmark: _Toc235697598]Future Work
The proof-of-concept testing validates the core detection pipeline under controlled conditions; however, several areas of development remain to progress the system toward production readiness. These are identified below in order of priority.
The most significant area of outstanding work is the physical validation of the drone-based reconciliation subsystem. While the software architecture, MAVLink communication layer, bay-level detection logic, and store-and-forward synchronisation protocol were implemented and validated against ArduPilot’s Software-In-The-Loop (SITL) simulator, a planned expedition to conduct physical flight testing within an enclosed multi-storey structure was cancelled due to project management constraints outside the scope of this work. Future research should prioritise conducting indoor flight trials to evaluate the system’s performance under real-world conditions including GPS denial, low and uneven illumination, reflective surfaces, constrained navigation corridors, and the aerodynamic effects of enclosed spaces on rotor-based platforms. The drift correction mechanism, whereby drone-observed bay occupancy is reconciled against the entry/exit counter, is of particular interest as it represents a self-correcting capability not present in the reviewed literature and would benefit from empirical validation under conditions where the entry/exit counter is known to drift such as tailgating scenarios or missed detections.
The detection pipeline would benefit from expanded evaluation across a wider range of environmental conditions. While the adaptive CLAHE preprocessing and single-model fallback mode successfully addressed the low-light detection gap identified during initial testing, evaluation was limited to a single camera position, a single vehicle, and controlled lighting states. Future work should evaluate detection accuracy across varying camera angles, multiple simultaneous vehicles, partial occlusions, and the transitional lighting conditions typical of multi-storey parking ramp areas where natural and artificial light sources interact. Training a custom YOLO model on a dataset captured specifically within the target deployment environment would likely yield improved confidence scores compared to the general-purpose pre-trained models currently employed, and the Ultralytics framework’s training and benchmarking capabilities support this without architectural modification.
The system’s multi-storey floor-level tracking is currently implemented in software with per-floor ParkingLot and ParkingMap instances, however physical validation across multiple floors with independent sensor nodes has not been conducted. A deployment involving multiple Arduino sensor modules publishing to a shared MQTT broker across distinct floors would validate both the scalability claims of the architecture and the zero-configuration broker discovery mechanism under conditions of increased node density and vertical signal propagation.
Finally, the ESP32-based eduroam bridge developed during this project to enable the Arduino MKR WiFi 1010 to operate within WPA2-Enterprise network environments warrants further investigation. While functional in laboratory conditions, its performance characteristics under sustained operation, NAT traversal behaviour for MQTT retained messages, and reliability across network roaming events have not been formally evaluated. This component would be essential for any deployment within an institutional campus environment where enterprise wireless authentication is mandated.
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