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This research proposal explores the feasibility, operational impact, and implementation barriers of IoT-based Predictive Maintenance (PdM) within the manufacturing sector. Traditional maintenance strategies, categorized as reactive or preventive, frequently result in significant operational inefficiencies, unplanned downtime, and excessive material waste. By leveraging low-cost Internet of Things (IoT) sensors and edge-computing architectures, manufacturers can transition to a proactive maintenance strategy that anticipates mechanical failures before they manifest.
This study aims to develop and critically evaluate an Edge-AI machine learning framework designed to forecast mechanical failures using vibration and temperature data. Adopting a mixed-methods research design, the project integrates secondary financial data analysis with primary qualitative survey data collected from industry professionals. The methodology addresses critical challenges, specifically the "Black Box" effect in AI trust, data noise filtering via Z-score analysis, and the inherent class imbalance in industrial fault data. By identifying the technical and managerial barriers to Industry 4.0 adoption, this research provides a comprehensive, actionable framework for engineering managers to improve operational uptime, optimize Return on Investment (ROI), and contribute to industrial Net Zero 2030 sustainability targets.


Table of Content
Abstract	1
1. Introduction	3
2. Industrial Relevance	4
3. Aim & Objectives	5
4. Research Questions & Significances	6
5. Literature Review	7
5.1 The Evolution of Condition Monitoring	7
5.2 The Shift to Edge Computing	7
5.3 Artificial Intelligence and the Data Gap	7
5.4 The "Black Box" Trust Issue	8
6. Literature Review Conclusion	9
Table 1: Theoretical Benefits vs. Real-World Implementation Barriers	9
7. Research Methodologies	10
7.1 Sensor Selection & Hardware Setup	10
7.2 Alternative Methods Considered	10
7.3 Edge Processing Architecture	10
8. Data Collection & Analysis	11
8.1 Handling Noise & Errors	11
8.2 Machine Learning: Solving the "Black Box"	11
8.3 Evaluation Metrics	11
Table 2: Proposed AI Evaluation Metrics	11
9. Project Time Plan	13
Table 3: Detailed Project Timeline & Milestones	13
10. Critical Evaluation & Conclusion	14
Table 4: Critical Evaluation of Proposed Methodology	14
11. Full Reference List	16


[bookmark: _Toc230021436]1. Introduction
In modern manufacturing, keeping heavy machinery running smoothly is the key to business success and safety. In the past, factories managed their machines using two main methods. The first is "reactive maintenance," which means waiting for a machine to break down before fixing it. The second is "preventive maintenance," which means replacing parts on a strict time schedule, even if they are still working perfectly (Mobley, 2002).
Both of these old methods have major flaws. Waiting for a breakdown causes unexpected production stops, leading to lost money and dangerous workplaces. On the other hand, replacing parts too early wastes perfectly good components and wastes the time of skilled workers.
The rise of Industry 4.0 has caused a major shift toward Predictive Maintenance (PdM). Predictive maintenance uses the Internet of Things (IoT)-a network of cheap, smart sensors to monitor the health of a machine in real time. By tracking simple physical signs like vibration and heat, computer software can spot tiny changes that show a machine is starting to wear out. This allows engineers to fix the exact problem during planned downtime, long before the machine actually breaks (Hashemian, 2010).
This research project aims to build, test, and evaluate a predictive maintenance system using local IoT sensors and machine learning. The goal is to prove that using cheap sensors with clear artificial intelligence can accurately predict machine failures, offering a smart upgrade path for factories.
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This research is highly relevant to modern engineering, especially in the automotive and heavy manufacturing sectors. Modern car factories, especially those building electric vehicles, rely on hundreds of robotic arms, conveyor belts, and automated motors working together. If just one motor fails on a main assembly line, the entire factory stops. In the car industry, unplanned downtime can cost thousands of pounds every single minute (Lee, Kao and Yang, 2014).
Furthermore, the engineering sector is under huge pressure to meet Net Zero Carbon targets by 2030 (BSI, 2021). Predictive maintenance directly supports these environmental goals:
· Saving Energy: A machine with worn bearings or misaligned shafts has to work harder to spin. Because it works harder, it uses much more electricity. Keeping machines in perfect condition drastically reduces a factory's overall energy waste.
· Reducing Material Waste: Catching a small fault early stops the machine from destroying itself completely. This means the factory does not have to scrap and rebuild huge metal parts, which saves raw materials and reduces carbon emissions.
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The primary aim of this research is to build and evaluate a machine learning system that uses IoT sensor data to forecast machine failures before they happen.
To achieve this goal, the research will focus on four specific objectives:
1. Analyze Baseline Data: Record and study the normal energy use and vibration patterns of a standard factory motor before any sensors are installed.
2. Deploy Hardware: Design and install a smart IoT sensor network (measuring vibration and temperature) directly onto the test machine.
3. Train AI Models: Test Machine Learning software to accurately predict the Remaining Useful Life (RUL) of the machine parts based on the sensor data.
4. Evaluate Impact: Estimate the money saved, the Return on Investment (ROI), and the carbon emissions reduced by switching to this predictive strategy.
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Even though IoT technology is very capable, many medium-sized factories struggle to actually use it. Therefore, this research must look at the real-world business barriers of upgrading to new technology.
Core Research Questions
This project seeks to answer the following questions:
1. What are the main financial and technical barriers stopping medium-sized factories from using IoT predictive maintenance?
2. How does management's lack of trust in Artificial Intelligence (the "Black Box" effect) slow down factory modernization?
3. What is a realistic timeframe to get a Return on Investment (ROI) when adding modern sensors to old factory equipment?
Significance of the Study
Answering these questions is important because it connects theoretical engineering with real-world business. Often, academic research only looks at how accurate an algorithm is, without asking if a factory manager will actually trust it or pay for it. This study will give factory directors clear, practical advice on how to overcome resistance to new technology. Finally, it provides a clear plan to reduce energy and material waste, supporting the Government's climate goals.
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To conduct good research, we must understand what has already been done in this field. This literature review examines the evolution of condition monitoring, the shift toward local computing, and the challenges of implementing AI in factories.
[bookmark: _Toc230021441]5.1 The Evolution of Condition Monitoring
Monitoring machine health is based on basic physics. Early monitoring relied on human engineers listening for strange noises or touching machines to feel for heat. In the 1980s, digital handheld vibration meters were introduced (McFadden and Smith, 1984). However, humans still had to manually take these readings once a month. As Jardine, Lin, and Banjevic (2006) point out, a machine could easily develop a fatal fault and break down during the weeks between those manual checks.
[bookmark: _Toc230021442]5.2 The Shift to Edge Computing
When continuous IoT sensors were first used in factories, they sent all their raw data over Wi-Fi to massive "Cloud" servers on the internet. However, a modern factory floor has hundreds of machines, all generating thousands of data points every millisecond. Sending all this data to the cloud caused massive network traffic, high internet costs, and dangerous delays.
Current research highlights a major shift toward "Edge Computing." Shi et al. (2016) explain that Edge Computing means placing a powerful microchip directly on the machine, at the "edge" of the network. The raw sensor data is analysed instantly by this local chip. Only the final warning alert is sent over the internet to the manager's screen. Chen et al. (2018) agree that Edge Computing is critical for factory safety, as it ensures emergency alerts trigger in milliseconds, even if the internet goes down.
[bookmark: _Toc230021443]5.3 Artificial Intelligence and the Data Gap
Modern predictive maintenance relies heavily on Deep Learning AI to find hidden fault patterns (Zhao et al., 2019). However, a major problem exists called "Class Imbalance" (Japkowicz and Shah, 2011). Factory machines run normally 99% of the time. This means the AI sees millions of examples of "healthy" data but very few examples of "broken" data. If an AI is not trained on enough broken data, it will never recognize a real breakdown when it happens.
To fix this, researchers use advanced math to create extra data. Chawla et al. (2002) developed SMOTE (Synthetic Minority Over-sampling Technique). SMOTE is a tool that creates realistic, fake fault data to balance the training information. This research will test how well SMOTE works in training the AI.
[bookmark: _Toc230021444]5.4 The "Black Box" Trust Issue
Beyond technical challenges, a major barrier is human psychology. Factory managers and veteran engineers often do not trust Artificial Intelligence (Kusiak, 2018). Deep Learning neural networks work like a "Black Box"-they give an answer (e.g., "Machine will fail in 3 days"), but humans cannot see how the computer reached that decision. If a computer tells a manager to stop a highly profitable production line but cannot explain why, the manager will likely ignore it.
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Based on the literature, implementing IoT predictive maintenance offers clear benefits, but also presents real-world technical and business challenges. These are summarized in Table 1 below:
[bookmark: _Toc230021446]Table 1: Theoretical Benefits vs. Real-World Implementation Barriers
	Proven Benefits of IoT Predictive Maintenance
	Real-World Barriers & Challenges

	1. Reduced Downtime: Catches faults early, stopping production lines from halting unexpectedly (Hashemian, 2010).
	1. High Setup Costs: Buying industrial sensors, microchips, and upgrading Wi-Fi is very expensive.

	2. Lower Costs: Maintenance is only done when mathematically needed, saving money on spare parts.
	2. Data Integration: It is mechanically difficult to attach modern sensors to 30-year-old factory machines (WEF, 2022).

	3. Increased Safety: Prevents sudden, dangerous mechanical explosions or electrical fires.
	3. Cybersecurity: Adding Wi-Fi to old industrial machines greatly increases the risk of hackers.

	4. Energy Efficiency: Well-maintained machines use much less electricity, supporting Net Zero goals (BSI, 2021).
	4. The "Black Box" Trust Gap: Engineers will not trust AI predictions if the computer cannot explain its reasoning (Kusiak, 2018).
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To ensure the research is scientific and addresses the barriers found in the literature, a clear methodology will be used. The focus is on accurate data collection and local processing.
[bookmark: _Toc230021448]7.1 Sensor Selection & Hardware Setup
The main tool for collecting data will be a MEMS (Micro-Electro-Mechanical Systems) Accelerometer. In engineering, vibration is the very first physical sign of wear and tear. Long before a human can hear a strange noise, a MEMS vibration sensor can feel the tiny shakes that indicate a cracked bearing or a loose bolt (Randall, 2011). MEMS sensors were chosen because they are cheap, small, and easily connect to smart microchips.
A digital temperature sensor (thermocouple) will also be attached to the motor. While temperature usually rises too late to predict early wear, it is a great backup tool to spot sudden friction, a lack of oil, or a broken cooling fan.
[bookmark: _Toc230021449]7.2 Alternative Methods Considered
During planning, I considered using acoustic emission (using industrial microphones to "listen" to the machine). While microphones are great at finding tiny cracks, factory floors are very loud. It is incredibly difficult for software to separate the sound of one failing bearing from the noise of passing forklifts (Smith, 2003). Therefore, direct-contact vibration sensors were chosen as a more reliable and cheaper method.
[bookmark: _Toc230021450]7.3 Edge Processing Architecture
To avoid the internet delays mentioned by Shi et al. (2016), the sensors will be wired directly to an ESP32 Microcontroller. This is the "Edge" device. It will gather the raw data from the sensors and do the complex math locally.
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Collecting raw data is only the first step; processing it correctly is vital for the system to be trustworthy.
[bookmark: _Toc230021452]8.1 Handling Noise & Errors
Factory floors are noisy. A machine might register a sudden vibration simply because a heavy box was dropped nearby. If the system reacts to this, it will trigger a false alarm. To stop this, the microcontroller will use Z-Scores. This math method calculates the normal background vibration. By using Z-scores, the system filters out random background noise, ensuring it only alerts engineers to real mechanical problems. Also, a tool called the Fast Fourier Transform (FFT) will break complex vibrations down to help pinpoint exactly which specific part is failing.
[bookmark: _Toc230021453]8.2 Machine Learning: Solving the "Black Box."
To fix the management trust issue, this research will avoid complex Deep Learning. Instead, it will use Random Forest machine learning models. Random Forests work by building simple decision trees. When an error is found, the Random Forest model can visually show the exact logical steps it took to reach its conclusion. This allows humans to see the exact reasoning behind a prediction, solving the "Black Box" problem and building trust (Breiman, 2001).
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The AI models will be tested against standard industrial datasets (like the AI4I 2020 Dataset) and live lab data. Simple "accuracy" is a bad metric for this research because faults are rare. If an AI just guesses the machine is healthy every time, it looks 99% accurate, but it completely fails its job. Instead, the results will be judged using the specific safety metrics shown in Table 2:
[bookmark: _Toc230021455]Table 2: Proposed AI Evaluation Metrics
	Analytical Metric
	Simple Definition & Purpose

	Recall (Sensitivity)
	Measures the percentage of real faults the AI actually caught. This is the most critical metric for preventing factory disasters. A high recall score is mandatory.

	Precision
	Measures the percentage of the AI's alarms that were actually correct. High precision stops engineers from wasting time checking false alarms.

	F1-Score
	A math score combining both Recall and Precision. This proves the AI is balanced and reliable.

	RMSE
	Root Mean Square Error. This measures exactly how many days the AI's prediction was off by compared to the real breakdown date.
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To make sure this project is finished on time, a structured 5-month project plan has been created. The phases overlap so that if one task is delayed (for example, if sensor shipping is late), other work, like software coding, can continue without stopping the whole project (Kerzner, 2017).
[bookmark: _Toc230021457]Table 3: Detailed Project Timeline & Milestones
	Project Phase
	Task Description
	Expected Duration
	Key Milestone

	Phase 1: Setup & Design
	Finishing the literature review, getting ethics approval, buying hardware, and planning the software.
	Month 1
	Complete project design approved by supervisor.

	Phase 2: Hardware Install
	Physically attaching vibration sensors to the test motor and safely wiring the microcontrollers.
	Month 2
	Hardware is actively sending raw data.

	Phase 3: Data Collection
	Running the motor to gather "healthy" baseline data and applying math filters to clean the noise.
	Month 3
	Clean, processed dataset successfully generated.

	Phase 4: AI Training
	Training the Random Forest AI on the data. Creating fake fault data (SMOTE) to balance the learning.
	Month 4
	AI models successfully predicting mechanical faults.

	Phase 5: Reporting
	Checking the Recall/RMSE metrics, calculating the financial ROI, and writing the final MSc report.
	Month 5
	Final Submission of the master's dissertation.




[bookmark: _Toc230021458]10. Critical Evaluation & Conclusion
To conclude this research proposal, we must critically evaluate the plan. A good Level 7 evaluation must admit the weaknesses of the research and provide ways to fix those problems to ensure success. Table 4 outlines this evaluation.
[bookmark: _Toc230021459]Table 4: Critical Evaluation of Proposed Methodology
	Evaluation Area
	Positive Impact & Strengths
	Limitations & Challenges
	Action to Fix the Problem

	Industrial Application
	Delivers a practical system that reduces operating costs and saves energy, helping Net Zero goals.
	The "Black Box" Problem: Engineers naturally distrust AI if they cannot see how it makes decisions.
	Use Random Forest AI models, as they visually display the logic tree and reasoning behind their predictions.

	Data & Methodology
	Uses proven math (Z-scores, FFT) to clean factory noise before applying artificial intelligence.
	Sensor Quality: A physically loose sensor will ruin the baseline data and make the AI predictions useless.
	Implement strict, manual hardware checks and physical testing during the data collection phase.

	Security & Infrastructure
	Edge-IoT microcontrollers process data instantly on the machine, avoiding internet delays.
	Cybersecurity Risks: Adding Wi-Fi sensors to old factory equipment increases the risk of computer hackers.
	Ensure the Edge devices use basic local encryption and are kept separate from the main corporate network.



In summary, while physical challenges like sensor stability and cybersecurity exist, the actions put in place ensure the project remains highly feasible. By combining technical hardware with a look into the business barriers of AI trust, this proposal bridges a major gap in current research. The potential to modernize heavy manufacturing, enhance worker safety, and support the environmental targets makes this a highly valuable area for engineering research.
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