	
	
	









Reflective Essay: 
An Industry 4.0 concept to predict embodied carbon for non-homogenous electro-mechanical products.
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Introduction
For a long time, manufactures have tried to leverage economies of scale for competitive advantage by speeding up production lines and reducing manufacturing costs through high-speed automation and the like. While this older approach can deliver a cost-effective mass-produced solution, it does also reduce the opportunity to tailor our products to make them more attractive to our customers. The ideal solution would be a parametric manufacturing facility that can deliver a high quality and cost-effective batch size of 1 in a repeatable and predictable manner. The “unique” product manufactured in this way will have a higher perceived value by our customers and could therefore deliver a higher margin and sustainable growth for the company.
However, as the batch size reduces, there is less room for error: prototyping, validation, testing, certification etc. can become a larger proportion of the cost of sale with fewer production units over which to spread this cost. When in this situation, it is important to consider deploying appropriate industry 4.0 technologies to accurately predict the outcome, reduce the need for validation and maximise the opportunity for successful product release.
This is particularly true in the construction industry, where the “manufacturer” of a new bespoke building is forced to have a batch size of 1 and where errors can be catastrophic. This is where Industry 4.0 shines: where previously designers would rely on 3D digital models of their buildings looking predominantly for M&E service clash detection, the Infrastructure and Projects Authority (2021) is now promoting the inclusion of other dimensions in the model: 4D (time), 5D (cost/Qty), 6D (sustainability) and 7D (facility management) are now becoming standard practise 
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Image 1: Global CO2 emissions by Sector [https://carbonleadershipforum.org/the-carbon-challenge/]
Reflecting on the current state of the art, it is this 6th dimension that is of particular importance for the built environment: The European Commission (Buildings and construction, (no date)) estimates that circa 50% of all extracted material resource is required for the built environment; Gan et al. (2023) established that circa one third of all Green House Gas (GHG) emissions are from buildings, which account for 40% of the worlds energy use; The Global Alliance for Building and Construction (GABC) estimates that 49% of all GHG emissions are directly related to buildings with 21% of the GHG emissions from the construction materials used and 28% of the GHG emissions from the ongoing energy the building consumes during its design life. While there may be some debate on the final percentage, there does appear to be scientific consensus that the built environment is intrinsically linked to GHG emissions. With the backdrop of global warming and the macro trends towards net zero pledges in line with the 1.5-degree Paris Agreement, this clearly is a sector where we should focus our energy, or in this case, the lack thereof. 
Current Approach
Reflecting on my own organisations current approach, Nuaire has been ahead of the curve with respect to parametric design and customised solutions; We have many parametric products which are customisable and fully automated, requiring little-to-no human intervention from customer selection to final CAD/CAM information. This high degree of customisation makes Nuaire an attractive proposition for our customers.
While our ability to predict performance curves and other physical parameters for our ventilation equipment is well established and keeps us ahead of the competition, clearly, we have knowledge gaps regarding embodied carbon for our products.
At present our customers are requesting Environmental Product Declarations (EPD’s), a document which describes the whole life cycle embodied carbon of a product categorised by SCOPES 1,2 & 3 and expressed in terms of CO2e (equivalent CO2) as follows:
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Image 2: GHG Scope system (https://www.epa.gov/climateleadership/scope-1-and-scope-2-inventory-guidance)
· SCOPE 1: represents GHG emissions related to the day-to-day operation of our factory. This may involve printing, cutting, punching, folding and other typical manufacturing activities.
· SCOPE 2: represents the GHG emissions related to the energy we require to complete the activities noted in scope 1. This includes electrical energy our machines consume during the processing of our products or the gas we might use for heating etc.
· SCOPE 3: represents all remaining activity before and after our factory:
· Before: raw material extraction and refining, logistics and supply chain conversion into components and sub-assemblies our products require. 
· After: Our finished product transport from our factory to our customers, GHG emissions during product installation, ongoing product use and then finally the decommissioning and ultimate recycling of the product.
These requests stem from a combination of legislative and regulatory factors supported by construction market tailwinds:
· The European Commissions “Energy Performance of Buildings Directive” has set targets for low energy buildings, both during construction and in-use.
· Restriction of Hazardous Substances (RoHS) and Registration, evaluation, authorisation, and restriction of chemicals (REACH) which both aim to reduce environmental toxicity from products and their constituent materials.
· Building energy certification schemes such as BREAM and LEED where EPD’s count favourably towards building energy scoring.
· ISO 14025 Type III environmental declarations showing a consistent approach to calculating embodied carbon for products.
· Widespread adoption of the Pasivhaus building standard, which promotes the use of high-quality Construction materials that insulate the building and reduce the overall heating/cooling energy use from HVAC equipment.
EPDs are often used to substantiate compliance with the design principles above and are therefore important to our customers. To create an EPD for a product, an engineer or competent person must complete a full LCA (Life Cycle Assessment) categorising GHG emissions by scopes mentioned above. Typical building materials are homogenous, so this a simple task: The assessor establishes the weights of the concrete/steel/brick used in the construction and then multiplies this total weight by the corresponding DEFRA embodied carbon factor to deliver a kgCO2e per kg of material. While this is a simple procedure, it can be a manual and laborious task, where materials must be assessed individually. 
Machine learning techniques have been deployed to assist in obtaining the embodied carbon information required to create an EPD with various levels of success:
Lavecombe [Lavercombe et al., 2021] recognised that concrete is a significant contributor to GHG emissions and deployed machine learning to try and predict lower embodied carbon alternatives. The paper showed that artificial neural networks (ANN) were able to predict the compression strength of concrete with a high degree of accuracy where lower cabon alternative filler materials were used. But this is a homogenous material solution.
Another technique [Gan et al. 2023] promoted the sharing of IFC data sets between BIM models and energy simulation software to enable embodied carbon lifecycle predictions. The objective was for this simulation to offer lower embodied carbon alternative building materials for consideration by the building designer during initial design stage. The paper focusses on an example of a 21-storey high rise apartment block which the author describes as being “constructed mainly from reinforced concrete using a shear wall structure, which provides the lateral stability of the building.” (Gan et al.,2023:5). A table is then presented to show the building materials used in the study:
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Table 1: Parametric BIM-Based Lifecycle Performance Prediction and Optimisation for Residential Buildings Using Alternative Materials and Designs (Gan et al.,2023)
Again, as you can see from the table, the materials considered are all homogenous with embodied carbon directly proportional to material weight and a simple calculation. 
Gan et al. (2023) also notes that 40% of lifecycle carbon emissions can be from the major construction materials, which includes concrete and reinforced steel. Reflecting on this, I deduce that that the structure of the building is therefore only part of the embodied carbon, and more research is needed to better understand embodied carbon contained within the non-homogenous services, fittings and fixtures that make up the other 60% – like the ventilation products made by Nuaire. 
The two approaches above are useful techniques for evaluating homogenous materials, but would not be appropriate for electro-mechanical products that Nuaire manufacture for several reasons:
· Nuaire manufacture over 200,000 finished goods codes (infinite combinations if you consider some of our parametric ranges). It is not feasible to conduct a lifecycle assessment for each of these products individually. Many of these products are legacy and have not benefitted from the elevated level of detail that modern CAD systems afford.
· To determine the embodied carbon of a product, the embodied carbon of its constituent parts must also be established – these are often made “by others” in the supply chain. Currently the building sector supply chain is struggling to obtain data regarding source of materials. 
[image: ]
Image 3: Example Nuaire ventilation product shown on top left, and then following a sample component along its supply chain. This illustrates that Nuaire cannot see material composition or origin below its immediate tier supply chain.
· Electro-mechanical products may contain many thousands of components which are assembled to make the finished article. Some of these components can be dual sourced from multiple countries out of reach of European Directives. It is therefore incumbent on the importer to establish the origins of the raw materials from suppliers that may not currently have this information in their own supply chains.
· The demand for lower embodied carbon buildings is requiring more bespoke solutions deploying state of the art materials and components. These components, often procured via our supply chain, can be the intellectual property of others, where obtaining information about the material composition can prove difficult.
Therefore, an Industry 4.0 solution is required to allow us to predict embodied carbon for innovative products where material composition is unknown due to supply chain barriers.
Industry 4.0 Concept
Reflecting on the requirement for EPD’s for non-homogenous products I have come to the following conclusion: although we may not know exactly what materials are contained within our products, there is likely to be a correlation between the ratio/weight of the materials used and the performance that product delivers. It is therefore feasible that machine learning techniques could be used to predict the material content of an unknown product using information known about products adjacent to it. To better illustrate the concept, look at the coffee cup image below:
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Image 4: Illustrative 4 Coffees in a family and then 1 ice-coffee in a separate family (https://www.freepik.com/premium-vector/types-coffee-set-small-medium-large-extra-large_25541530.htm)
The coffee cups here represent SKU’s that could be defined as a Product Family called “Coffee.” This family has a similar fit, form and function and the dimension of each cup grows/shrinks following predetermined rules. In this scenario, imagine that a full lifecycle analysis has been completed for the small and extra-large cup and an EPD has been created for each containing infinite detail: The weight, material composition and embodied carbon of the lid is known in great detail; the ratio between lid size and cup diameter is known; the ratio of cup diameter to cup height (and therefore cup volume) is known.
We have now created a relationship between the volume of coffee in the cup and the embodied carbon of the cup lid, which means we can now use this “equation” to predict what the embodied carbon of the medium and large lids might be if we knew what volume of coffee those cups contained. We have effectively created a “lay-line” which describes the embodied carbon of a coffee lid between two known cups, and we can use this lay line to predict any other cup along that line. We can see this as a single “dimension” relating cup volume and lid embodied carbon. With the aid of machine learning, and some detailed analysis of a select number of SKU’s, the remaining units embodied carbon can be calculated for this product range.
Continuing with this scenario:  Let us assume there is an adjacent Product Family called “Ice-Coffee.” This family is sold in a different shaped cup, which impacts on the lid dimensions and in turn the embodied carbon. Including this new dimension in our machine learning algorithm will create a new set of “lay lines” which can now be used not only to correlate embodied carbon of a lid based on cup volume, but also on cup shape. 
The more lay lines we add based on known SKU’s, the better the “surface’ becomes that describes the entire product range and the more accurate the predictions become. This system could then determine the embodied carbon for the entire drinks platform.
How could we deploy at Nuaire?
While the detail of the machine learning solution is out of scope of this reflective essay, the guiding principles of this concept can now be described for Nuaire’s ventilation equipment as follows:
Step 1: Categorise
Here we categorising all of the products into families which share a similar form factor. The ultimate goal is to establish which products have the highest embodied carbon and then target these for carbon improvements in future design/innovation cycles. Therefore, a “Grandparent”, “Parent” and “Child” heirarchy will be used to aid in future carbon analysis.
[image: ]Image 5: All products are categorised into groups of similar fit, form and function where materials are likely to scale in a similar ratio.
Step 2: Analyse
Here we choose indicative products which best represent the family and then complete a detailed analysis of these SKU’s. AS in the coffee example, the objective is to obtain detailed LCA analysis as well as core materials as a proportion of the total unit weight. So as an example, the water filter in the image below has been broken into its constituent parts and the total weigh of PA Nylon has been established as 21% of the total. This step is where the first machine learning algorithms will be developed, creating relationships between product weight, volume, performance, power, material etc.



[image: ]Image 6: A small number of products which best represent the family are analysed in great detail to establish machine learning algorythms.
Step 3: Material
Here we use the relationhsip algorythms developed in step 2 to then predict composition of “unknown” SKU’s in the same family. During this step there will need to be some validation of the machine learning predictions to ensure that the predictions are within an acceptable tolerance. So in the exampl, we established through detailed analysis the material composition of filter A, and we then use these rules to predict the material composition of filter B.

[image: ]Image 7: Algorythms are used to predict adjacent ”unknown” products material compositions using the machine learning rules established for that family.
Step 4: Multiply
Step 4 involves assembling all of the materials from all of the SKU;s together into a single total mateial weight and then maultipkying this weight by an embodied carbon factor to obtain the total embodied carbon. So continuing the example, we sold 21,000 units of model A @ 0.42kg of ABS and 5000 units of model B @ 0.24kg of ABS; therefore our total ABS for that family is 10,020kg per annum. Repeat this step for each family to obtain the total ABS used in a year. 
The embodied cabon for that product family, or for the total material used (whichever is of interest) is then the weight of the material multiplied by the DEFRA embodied carbon for that material, in this case 5.47kgCO2e/kg - expressed as kilograms of equivalent CO2 emmissions per kg of material of interest.
obtain detailed LCA analysis as well as core materials as a proportion of the total unit weight. So as an example, the water filter in the image above has been broken into its constituent parts and the total weigh of PA Nylon has been established as 21% of the total.
The above proposal demonstrates the feasibility of an Industry 4.0 solution to a real world problem Nuaire is facing.



[image: ]Image 8: With all of the materials for the ”unknown” products now available, we are able to establish the total embodied carbon my material type or product family per unit of time.
Conclusion
There is growing Customer demand for Nuaire to produce EPD’s for the non-homogenous electro-mechanical products we manufacture. While this information is available for simple homogeneous building materials, it is not freely available in the electro-mechanical supply chain, and this is hampering our efforts to provide meaningful and accurate EPD’s to our Customers. Creating these EPD’s manually is not feasible, as the detailed analysis needed for a typical electro-mechanical LCA can take up to a week to complete; 200,000 SKU’s, potentially grouped into 100 or so families, would therefore take circa 2 person-years to complete.
Machine learning is an industry 4.0 technology that could foreseeably be deployed to solve this problem, where and handful of SKUs with some detailed analysis could be used to accurately predict other SKU’s along predefined dimensions. As more SKUs along a single dimension are predicted, additional dimensions could be added to further develop the model to a point where the entire 200,000 SKU range could be predicted. While the detail of the machine learning code is out of scope of this reflective essay, the concept is clearly defined, and a working solution is foreseeable and could be deployed to solve this problem.
The economic benefits of being first to market, the patent opportunity, coupled with the significant reduction in resource needed to deploy this solution is clearly measurable; 2 person-years for a skilled LCA assessor would cost our company upwards of £100k + the increase in market share from our competitors who may not be able to offer detailed EPD information as readily.
The social benefits are also not to be overlooked: having accurate information on embodied carbon at the start of a design cycle gives the engineers the tools to analyse the embodied carbon that their product might consume once launched, and then allow engineers to seek alternative materials for the good of humankind. This strong morale position makes Nuaire an attractive proposition for job seekers and ensures we attract the best talent to sustainable develop these innovative solutions further.
On reflection, clearly the deployment of Industry 4.0 Technologies can result in tangible benefits, which ensures Nuaire remains a sustainable force in the ventilation industry.
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Table 1. Consumption of materials and energy for the residential building in the analysis.

Materials or Energy Recycled Content Amount Unit
Concrete (Grade 15/20D 75 mm) No PFA 13 m3
Concrete (Grade 20/20D 75 mm) 1.5% PFA 18 m3
Concrete (Grade 30/20D 125 mm) 2.0% PFA 19 m3
Concrete (Grade 45/10D 125 mm) 2.30% PFA 5 m3
Concrete (Grade 45/20D 125 mm) 2.40% PFA 216 m3
Concrete (Grade 45/20D 125 mm WP with Caltite) 2.40% PFA 192 m3
Concrete (Grade 60/20D 200 mm) 2.6% PFA 2456 m3
Concrete (Grade 60/20D 200 mm WP with Caltite) 2.6% PFA 1017 m3
Reinforcement Bar Virgin 1,109,070 kg
Timber N/A 151 m3
Glass for Curtain Wall Virgin 42,700 kg
Aluminium Virgin 96,261 kg

Electricity N/A 210,906 kWh
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Step 2: Analyse

*  Foreach family ... Choose 1 Part Number (PN)
*  Establish material % by weight Residential
+  Detailed analysis — including suppliers data e
*  Create alookup table

Magnetic Filters

Water Filters

This step creates a material template for other PN’s in the family

Representative SKU Residential Filters — Lookup table

Nylon 21%
Stainless Steel 12%

Rare Earth Magnets 10%

etc

etc
Total 100%
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Part A: 2kg @aire
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Part B: 1kg

Step 3: Material

*  Use Family table % to calculate raw material by PN HagnaClean

Professional

*  Repeat this for all PN’s in the family

This step estimates material weight per PN

el NylOn 21% 0.42kg 0.21kg
Stainless Steel 12% 0.24kg 0.12kg
Rare Earth Magnets 10% 0.2kg 0.1kg
etc
etc

Total 100% 2kg 1kg
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Part A: 2kg x 21,000 @aire
Step 4: Multiply

*  Multiply material weights by annual sales gty
*  Multiply by DEFRA embodied carbon number
°  Repeat for each material

Part B: 1kg x 5,000

—2DEY

This step gives us the total Embodied Carbon

Part A 21,000 0.42kg 8,820 kg
Part B 5000 0.24kg 1,200 kg
Total Nylon 10,020 kg
DEFRA embodied carbon factor for Nylon 5.47 kgC0O2e/kg

Embodied Carbon total for Nylon 54,809 kgCO2e
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