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	The industrial partner for this project is DCWW: Dŵr Cymru Welsh Water [1]. The water and wastewater industry faces numerous challenges as we approach AMP8, the current 5-year regulatory cycle; [2] not limited to asset optimisation, water quality [3] [4], pollution, penalties, skills, training, careers and technology adaptation. This paper focuses on addressing a two-fold issue. The increasing demand for data and the growing skill gap [5] [6] [7] [8] [9]. With an estimated 47% [10] of the workforce needing replacing by 2030. 

Many experienced operational staff with an intuitive understanding of their assets are approaching retirement, combined with a general reduction in retention is contributing to an industry facing a loss of key skills and valuable knowledge. A key focus on STEM careers is needed as technology and automation endeavours to bridge the gap. 

In an industry where data is fluid and dynamic, susceptible to influence by numerous factors such as seasonal weather and human behaviours. In a department focusing on telemetry data; the remote monitoring of assets such as Sewage Pumping stations (SPS) and Combined Sewage Overflows (CSO). It is vital alerts are meaningful, and resources are focused where they are most needed. Alerts based on static numerical thresholds often produce noise and overwhelm control centres monitoring assets remotely. 

SPIN [11]  (Smart Pump Intelligent Notification) offered experience in the complexing of various alerts and signals. Low outlet flow, high well level, pump operating signals in various combined identify issues such as air lock or build up causing blockages. Static thresholds values e.g. become less accurate over time as equipment ages. Through analyzing the accuracy of these alert patterns in data line graphs, the idea of training and object detection on images emerged. 

Rather than numerical algorithms alone, this project explores pattern recognition and understanding of visual representations of data reflecting asset performance. By training one-stage object detection; YOLO (You only look once) [12] on visual images of data trends as line graphs. 

	
Key:Expected: Flow increases following Rainfall
Unexpected: Flow Drops with Well Still High
Expected: Level drops when pumps run

y axis: 0-100
x axis: 1 week 
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	2. Background to the Proposed Research
Notably in recent years the wastewater industry faces public scrutiny, particularly on pollution. For the basis of this event spill events refer to storm overflows in dry and wet weather. Regulators and organisations [13] [14] [15] [16] require accountability, accurate and timely notification of such events. Many solutions involve additional monitoring and ultimately data which much be processed, actioned and reported. The Storm Overflow Map [17] for example, provides near real-time information of storm overflow activity as indicated by duration monitors to the public. Event Duration Monitoring (EDM) [18] [19] data is a key focus. 

As technology improves, greater amounts of data than ever before is being captured. One such example is customer smart meters. Water demand forecasting [20] expresses challenges processing this data using traditional methods. ML (Machine learning) [21] presents the advantage of “being able to forecast nonlinear relationships” with consideration for noisy data and relationships between response variables. Artificial Intelligence (AI) has grown rapidly and notable within an industry with fluid and dynamic data and is naturally drawing attention in the world of analytics  in the water industry. Peak use and nighttime water demand can help identify typical trends, bursts, and aid in predicting demand. 

Convolutional Neural Network (CNN) using the entire image context as opposed to sliding windows is advantageous and the aim is to produce outputs and conclusions to the human eye. YOLO acknowledges it isn’t the most accurate, but it balances speed and accuracy making it a suitable contender for this project.  

Water quality modelling and analysis [22]
Optimal pump operation [23]
Water utility performance measurements using data envelopment analysis [24]
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	Aim:

	To utilise an existing one-stage object detection algorithm to analyse wastewater pollution event data visually rather than numerically.

	Objectives:

	· To visually analyse data associated with spill events using YOLO (you only look once) and produce accurate bounding boxes around predetermined events.

· To support the analysis of multifaceted spill data with increasing sensor deployment and regulatory pressure to reduce manual interpretation.

	· To ascertain whether an object detection tool can visually analyse trends imitating human intuition regarding pattern recognition as opposed to numeric algorithms.

· To create a tool that provides training guidance in an industry with a growing skill gap problem as wastewater utility career retention decreases.
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The project seeks to understand if YOLO can be trained to interpret data visually rather than numerically. Confidence ratings will be applied, usually outputs with less than a 0.9 confidence will be masked. Output labels will include ‘spill dry weather’ when rainfall is close to 0, more indicative of issues such as equipment failures or blockages. ‘Spill wet weather’ are usually permitted but need to be differentiated. With greater emphasis on data completeness, an “incomplete trend” would also be beneficial to identify. This does not seek to compete with anomaly detection but aims to support the analysis and verification of spill associated data. 

	[bookmark: _Toc207235617]4.1.1 Philosophy: Positivism
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Although the reasoning behind this project is to support the widening skill gap and manual efforts analysing data, the research will not  fall into interpretivism as it will not be a side-by-side comparison of a test user against YOLO. The methodology will therefore follow a positivism philosophy, correlating confidence scoring against verified spill events by detecting and capturing bounding boxes around measurable data. Cross referencing with alerts and verified spill events.

	[bookmark: _Toc207235618][image: ]4.1.2 Deductive Approach
Hypothesis: Machine led image-based interpretation of spill events presented as line graphs will produce accurate event classification, correct bounding box placement and confidence scores using one stage object detection. 

Humans can interpret line graph trends and recognise spill events without comprehensive knowledge of equations and algorithms through pattern recognition. A perceived benefit of visual interpretation and looking at the overall profile rather than numeric thresholds is the fluid nature of the data. Influenced by seasonal changes and weather patterns, these often need to be accounted for in a more dynamic way. 
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4.1.3.1 Literature Review
As part of a literary review, similar projects and their successes will be explored to determine the feasibility and originality of the project. If YOLO, for example, has already been applied to graph interpretation, this should be considered. The project needs to be unique enough to warrant further exploration or offer a more cost-effective approach to similar projects.

4.1.3.2 Experiment
A significant portion of effort will be devoted to training YOLO and gathering training images. 
The experimentation will be the generation of these images based on real or simulated data, and the styling of the graph lines, duration, layers. Some images may yield better results than others depending on various factors. 

4.1.3.3 Action Research
Collaborative efforts should be prioritised with data science and asset management teams. The key focus at this stage is a proof of concept that outputs reliable and accurate findings, with the confidence scoring will acting as a key factor. If this project, whilst not trying to compete with anomaly detection, is found reliable and accurate, and can later be automated and up scaled, could serve as a tool within alarm control centres. Often the focus is on digital alarms, either when an instrument, such as a pump, has failed or is operating, a wet well is above an expected level, or a reservoir is low enough to generate an alert. 

	[bookmark: _Toc207235620]4.1.4 Risks & Limitations
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The most significant limitation anticipated is that output quality will rely on input data quality. Whilst an SPS (Sewage Pumping Station), CSO (Combined Sewer Overflow), and SWK (Sewage Works) will have different data sets, their profiles may also vary depending on scale, depth, age, and instrument performance. If applied at a larger scale, custom data sets may be required for specific sites if graph outputs differ.

Another consideration is processing power. Whilst existing equipment should suffice for initial training, live application to wider datasets would require a more powerful machine or server. With increasing data demand, this could be factored into future upgrades for storage and capacity. Other anomaly detection tools may also require such upgrades; it seems unavoidable that investment will be needed to support growing reliance on AI and deep learning technologies.

	4.1 5 Ethical Issues
[image: ] Although intended as a training aid to accelerate understanding and support manual data validation, it could become a replacement. Companies may seek to substitute staff with AI tools like this, reducing human understanding and shrinking the workforce. There is always a risk that new technologies will supersede professions. Removing the human element also raises accountability concerns—who is responsible for a computer’s assessment? This is especially highlighted in medical deep-learning literature.

YOLO itself can be misused, particularly in social contexts. In the U.S., dynamic pricing and profiling are emerging concerns. This project focuses on waste data, whereas clean water leakage would require customer meter data. Spill data, especially EDM (Event Duration Monitoring), is publicly facing, and affects trust in the water industry. These datasets are increasingly accessible, with ‘Storm Overflow Map’ data shared with Surfers Against Sewage. Thames Water now offers API access upon request.

Environmental impact must also be considered. AI systems consume significant energy and water, especially in offshore data centres. This project is not process-intensive and is intended for minimal deployment. YOLOv8 offers a balance of performance and efficiency, suitable for feasibility testing via batch analysis rather than real-time monitoring.

	4.1.6 Validity, Reliability & Generalisability
4.1.6.1 Validity
[image: ]
Although YOLO seems targeted towards self-driving cars, facial recognition and other live images, object detection has already proved successful in the medical field with MRI scans, for example. It seems reasonable to speculate that the output will largely rely on the quality of data input. The industry is seeing an increase in anomaly detection software by external providers, if successful, further exploration and fine tuning could bring control over data in house.

	4.1.6.2 Reliability
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Results will ultimately depend on training bounding boxes and images. As a proof of concept, similar bounding boxes around similar patterns should produce the same result. R Studio is intended for the conversion of numerical data, provided via CSV file, to create a graphical image, with a consistent styling of line thickness and colour. 

With the assumption that YOLO can handle the complexity of layered data, standards will be applied to the data which would include, not limited to:
· Blue lines for rainfall
· Red lines for wet well levels
Black lines for binary states of pump operations (running / stopped)



	4.1.6.3 Generalisability
[image: ]
Spill event data has primarily been selected due to this researcher’s industry exposure to telemetry data, alongside the environmental and public pressure to accurately report and prevent pollution.
Increased regulatory pressure and demand for accountability is driving open data interest. Comparably, clean water leakage is already rich with research but does provide an additional barrier for academic research due to customer meters providing valuable insight, GDPR would ultimately limit access. Ultimately, if this research proves successful at interpreting events or ruling them out on a graph by visually analyzing data as a prototype, other data could be analyzed in a similar way once sample training data sets are applied. 

	[bookmark: _Toc207235623]4.1.7 Data Evaluation Methods
4.1.7.1 Data Collection
Inputs will include overlaying data such as rainfall, wet well levels, pump performance and flow data where available. A sample of 100–200 images of line graphs will be used for training with 15% reserved for output validation. Should exporting performance data prove problematic, understanding real profiles will aid in generating simulated data. 
[image: ]
4.1.7.2 Data Evaluation
The dependent values will be the actual numerical data behind each measure, even if Artificial Intelligence (AI) is used to generate and mimic existing data profiles, it’s vital these mirror real events to train YOLO on suitable data. The visual output however can be manipulated and adjusted. 

Controlled variables include:
· Line thickness
· Consistent line colour application e.g. blue line for rainfall
· Duration of data to capture in the image e.g. 1 week
· Number of data trends which can be successfully overlaid in one trend

The literature review has revealed mAP to be a common Performance metric. 
[image: ]
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· YOLO v8 (Ultralytics) – free for research use, commercial requires enterprise license (cost varies).
· Potential to avoid license free if entire project is made open source (consider security).
· YOLO V1-4 C-based framework (V1-4) and less accurate
· YOLO v5 onwards – shifts to PyTorch. Possible light weight alternative (less accurate) 
· V11 is available - less tutorials and resources available and more demanding 
· Rstudio – import CSVs of data, data cleansing if required
· ggplot package - graphs with consistent styling e.g. blue for rainfall, red for level
To Train YOLO, additional software considered to assist with labelling, drawing bounding boxes:
· Python Labellmg – MIT Licence, free and safe for research and commercial use.  No telemetry or cloud dependencies. Used for manual bounding box annotation 
· Roboflow – Avoid for cost and security reasons. 
Development Tools: 
· Visual Studio Code – free and open source – can be restricted for security – commonly used
· Jupyter Notebooks – vulnerable to code injecting, needs security hardening
[image: ]
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Hardware Requirements: 
For initial trial, existing custom-built originally configured personal workstation for should be sufficient but not optimised:
Consideration: GPU compatibility may become a limiting factor with YOLOv11 which is particularly optimised for NVIDIA hardware. While YOLO v5 and v8 are less demanding, YOLO frameworks are optimised for NVIDA, community support and tooling may be less available for ROCm (Raedeon Open Compute) ecosystem. CUDA (Compute Unified Device Architecture) kernels are favourable for PyTorch, Ultralytics YOLO AI frameworks, developers can take advantage of NVIDIA propriety parallel computing platform and API. 

		
	Existing build
	Minimum Prediction
	Scalable to Corporate

	CPU
	AMD Ryzen 5 5500
	Intel i5
	Intel i7 / Xeon (6–8+ cores)

	RAM
	16GB
	8GB
	32–128GB

	GPU
	AMD Radeon RX 7700 XT
	Any GPU
	NVIDIA RTX (CUDA-enabled)

	Storage
	2× 1TB NVMe SSDs
	50GB SSD
	100GB+ SSD / RAID

	OS
	Windows 11
	Windows 10
	Windows 10/11 or Linux


Table 1 Hardware Requirments: Current, Basic and Scalable

	[bookmark: _Toc207235629]5.2 Software Resources
Core Software Requirements: 
· YOLO v8 
· Rstudio 
· ggplot package 
To Train YOLO, additional software considered to assist with labelling, drawing bounding boxes:
· Python Labellmg 
Development Tools: 
· Visual Studio Code 
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The chosen data set should be agreeable to export if anonymized withing the industry. YOLO will not be reading text such as date stamps and asset names so such information would be redundant. The industry would hopefully support the training and potential of such a project. 
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To support the action research strategy, input from industry experts is anticipated. No surveying or user testing is anticipated. No live data is intended to be used at this stage, only historic already validated data, which the bounding boxes, labels and confidence scoring should then reflect 
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Table 2 Gantt Chart Project Plan
[image: ]Table 3 Project Plan Task Break Down
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