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ABSTRACT

Manufacturers have increasingly turned to Artificial Intelligence (AI) to address specific problems
in factories e.g. predictive maintenance, improving product quality etc. Implementing these in silos
can miss critical interdependencies during root cause analysis and the interplay between various
data sources across broader manufacturing operations. We provide a perspective on a holistic data
model that harmonises data generated during production processes and across the supply chain
enabling data-driven decisions to drive productivity, optimisation, and sustainability. Our approach is
based on Overall Equipment Effectiveness (OEE) that focuses on predictive maintenance to increase
availability, Continued Process Verification (CPV) and predictive stability to improve quality, and
real-time insights, thereby optimising performance. The proposed multimodal model can help enhance
productivity and reduce waste and rework, lending itself to sustainability imperatives. Similarly, Cost
to Serve analysis, which targets inefficiencies in the distribution network and transportation, helps

facilitate a reduction in costs and minimisation of carbon footprint in the supply chain.

1. Introduction

Manufacturing and production sectors contribute to one-
fifth of global carbon emissions '. The era of Industry 4.0 has
seen growing interest across industry sectors to implement
sustainable manufacturing practices that can help minimise
the negative environmental impact of production processes.
Industry 4.0 technologies like Industrial Internet of Things
(IIoT), Machine Learning (ML), and Augmented/Virtual
Reality (AR/VR) etc. elevate traditional approaches based
on lean, Total Productive Maintenance (TPM), Total Quality
Management (TQM) and six sigma? to transition towards a
more efficient and sustainable factory of the future.

Manufacturing traditionally uses statistical techniques
like Statistical Process Control (SPC) to reduce process
variability, but modern techniques like machine learning
and deep learning models can solve specific problems on
the shop floor e.g. predictive maintenance, optimising prod-
uct quality and consistency by forecasting (and potentially
correcting) variability issues before they occur by learning
from patterns in historical data*#:, Traditional approaches
have examined specific problems in isolation, neglecting
the comprehensive scope of manufacturing, including R&D,
sourcing, production, and distribution. Such in-isolation ap-
proaches increase the likelihood of false alarms and human
bias, focusing on certain associations while overlooking
novel ones. Consequently, ML methods based on data silos
remain predominantly academic, with limited industrial ap-
plication due to issues of scalability and trust.

Industry 3.0 (Automation) generated vast volumes of
machine and production data, but in isolated systems. The
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advent of Industry 4.0 and digital transformation has en-
hanced our capacity to connect, collect, store, analyse, and
visualise data. Increased interest in smart manufacturing
systems for existing plants has resulted in more data from the
shop floor, facilitated by new sensors, advanced processing
software, affordable cloud storage, and minimal interven-
tion in ongoing processes’. To optimise product quality
and minimise waste, it is essential to consider the entire
product development lifecycle and the collective impact and
interactions of various data streams, such as environmental
data, process parameters, and quality data.

Data-driven analytics in manufacturing not only boosts
operational efficiency but also enhances innovation and re-
sponsiveness to market demands. It spans multiple stages,
including Research and Development, production, quality
control, and logistics. Analytics can be applied across these
areas in the following ways:

e Research and Development (R&D): Simulation
and Modelling — Predicting the performance of new
products or materials through simulation, reducing the
need for physical prototypes.

e Production —

1. Process Optimisation — Analysing production
processes to identify inefficiencies and optimise
operations, reducing waste and lowering costs.

2. Predictive Maintenance — Using sensor data to
predict when equipment is likely to fail, allowing
for maintenance to be scheduled before costly
breakdowns occur and at the same time minimis-
ing unnecessary downtime.

e Quality Control: Defect Analysis — Al-powered vi-
sion systems to improve accuracy, eliminate human
error and avoid product recalls.
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e Logistics: Cost-to-serve Analysis — Determining
the minimum order quantity (MOQ) to predict cost
and profitability; Analysing transportation routes and
modes to minimise costs and delivery time.

Achieving any of the above necessitates a comprehensive
data model that integrates data from factories and the supply
chain, facilitating data-driven decisions to enhance produc-
tivity, optimisation, and sustainability. Overall Equipment
Effectiveness (OEE) is a Key Performance Indicator (KPI)
used to measure productivity, efficiency, and manufacturing

losses in modern factories®.

OEE = Availability x Quality x Performance

Theoretically, an OEE of 100% indicates defect-free
production (100% quality), at maximum speed (100% perfor-
mance), with no unplanned downtime (100% availability)g.
In practice, an OEE above 85% is considered the benchmark
for world-class factories'?, reflecting minimal waste and
maximum yield.

By optimising OEE as the KPI for productivity in Al-
applied manufacturing data, we propose an end-to-end data
model targeting predictive maintenance to enhance avail-
ability, Continued Process Verification (CPV) and predictive
stability to improve quality, and real-time insights to boost
performance. This perspective can aid in developing reliable
and scalable Al solutions to optimise safety, quality, and
efficacy, enabling real-time release and reducing waste and
costs in factories of the future

2. The blessings of Al in data-driven factories

Al can contribute to a sustainable and environmentally-
conscious business model in manufacturing. ML models
applied to big data from factories offer numerous oppor-
tunities, such as optimising production through predictive
maintenance. This approach forecasts Operations and Main-
tenance (O&M) requirements, preventing unexpected break-
downs and extending equipment’s Remaining Useful Life
(RUL). AI can also minimise discarded products due to
quality issues by enhancing Quality Control/Quality As-
surance (QC/QA), especially in the Consumer Packaged
Goods (CPG) industry where shelf-life is limited. It can
ensure high-quality products and help detect defects before
reaching consumers, enabling efficient resource allocation
and reducing costs and waste in raw materials, energy,
water and packaging ''. Below, we provide a comprehensive
overview of predictive stability, Al-assisted CPV, predictive
maintenance, and Cost to Serve analysis, which form the
manufacturing data model discussed in this paper.

2.1. Predictive stability

To ensure manufactured products adhere to industry
standards for safety, quality and efficacy throughout their
shelf-life, stability studies are regularly conducted, particu-
larly for CPG and pharmaceuticals'%!3. These studies are
crucial in product design to maintain physical, chemical and

microbiological properties'*. Traditionally, stability tests
are performed in controlled environments (e.g. stability
chambers), where multiple product batches are exposed
to varying conditions (e.g. temperature, relative humidity,
light) and numerous tests are conducted on active ingredients
and excipients '>!°. This complex, time-consuming and
costly process can lead to regulatory compliance challenges,
increased cycle times and delays in market introduction,
if testing practices are flawed!”. These issues are exacer-
bated in real-time and accelerated stability studies '®, which
predict long-term product performance by extrapolating
degradation rates under elevated stress conditions, leading
to higher rates of failed studies and accumulated errors °.

Although there is currently no alternative to laboratory
stability studies for regulatory compliance, the industry has
significant potential to use data-driven predictive algorithms
to forecast future stability test results before they are con-
ducted in the lab. If the final test result is predicted to be
outside acceptable specification limits, potential issues in
product formulations can be identified early, allowing adjust-
ments to the composition and distribution of active ingredi-
ents and excipients. This enables formulators to recognise
stability test failures in advance, indicating that the product
will not meet its intended shelf-life. Such predictions help
eliminate redundant tests that are likely to fail, making the
traditional testing process more efficient without hindering
real-world testing. Incorporating data-driven predictive in-
sights into stability testing workflows can enhance efficiency.

Traditionally, laboratory records in this domain have
been paper—basedzo, however, in recent times data is being
increasingly stored in the Laboratory Information Manage-
ment System (LIMS)?!, improving data management and
regulatory compliance. Despite the shift to electronic sys-
tems like LIMS and Enterprise Resource Planning (ERP),
discrepancies in data formats persist due to the coexistence
of paper and electronic records. While LIMS data serves the
same purpose of recording historical stability testing results,
inconsistencies in data formats remain, varying across differ-
ent test types, analytes, and testing conditions.

To build a predictive stability model, relevant informa-
tion is required from multiple resources (Bill of Materials
(BOMs), LIMS data, product specification data, Transaction
Data Systems (TDS) information etc.). Ongoing Stability
Studies (OGS) data can be leveraged to continuously moni-
tor products in the market and ensure their active ingredients
remain reliable and within tolerance limits over time. On the
face of limited/no historical data, we can leverage theoretical
representations e.g. molecular fingerprints of compounds —
Simplified Molecular Input Line Entry System (SMILES)??
— to aid the learning process of ML models. Predictive
stability can help save significant costs and time, accelerate
speed to market, and eliminate redundant tests that are likely
to finally fail in the laboratories.

2.2. Continued Process Verification (CPV)
During manufacturing, process data is continuously gen-
erated in factories. CPV identifies how variability in critical
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metrics (e.g. Critical Process Parameters — CPP, Critical
Quality Attributes — CQA, Critical Material Attributes —
CMA) affects product quality>®. CPV involves collecting
and processing end-to-end production data to ensure critical
attributes are controlled throughout manufacturing. It en-
sures processes remain within tolerance limits, guaranteeing
optimal product quality during commercial production.

CPV is crucial for regulatory compliance, adhering
to guidelines from agencies like the European Medicines
Agency (EMA) and the Food and Drug Administration
(FDA)?*, especially in safety-critical industries like phar-
maceuticals and consumer health. It helps understand fac-
tory performance, improve OEE, reduce waste, and enable
real-time release. Traditionally, CPV has used statistical
techniques, such as control charts, to analyse parameter
deviations, relying heavily on human expertise and historical
experience. Training ML models to assist CPV supports
offline periodic root cause analysis and provides real-time
insights into factors affecting product quality. Implementing
analytics to detect patterns gives plant operations teams
actionable warnings before CPV limits indicate a problem,
minimising costly production impacts. Any detected anoma-
lies can be rectified promptly to maintain process control >,
avoiding waste from non-conforming products >,

This process lends itself to real-time release testing
(RTRT)?’, also avoiding the discard of complete batches at
the end of the process?®. Potential challenges in building Al
models for CPV include a lack of structured historical big
data in factories where digitisation is still at an embryonic
stage, the need for ensuring continuous updates/fine-tuning
of the trained ML models and limiting any negative con-
sequences of data drift (e.g. incorporation of new process
parameters, changes in the manufacturing process etc.)>>.

2.3. Predictive maintenance

In the era of Industry 4.0, predictive maintenance (or
condition-based maintenance) is a vital data-driven ap-
proach for manufacturers. It continuously monitors equip-
ment to predict machine failures, ensuring maintenance
is only done when necessary, which reduces unnecessary
O&M activities>”. This maximises asset uptime, minimises
costs, and boosts production". Data sources like vibration
signals, infrared thermography, particle & oil analysis, and
visual inspections help detect and diagnose faults>'.

ML models analyse sensor data to forecast failures, using
techniques such as anomaly detection and time-series anal-
ysis. By predicting issues before they cause downtime, pre-
dictive maintenance reduces costs and improves efficiency,
continuously learning from historical and real-time data.

Key considerations for building predictive maintenance
models include the need for high-quality historical data,
challenges in validating models without actual downtime,
and building trust over time as real-world inconsistencies are
matched with model predictions. It is also integral to over-
come the challenges in explainability faced by predictive
models, especially deep learners which can provide highly

accurate predictions by leveraging historical sensor data but
are typically black-box.

2.4. Computer vision for Quality Control

ML-based vision systems use computer vision and deep
learning algorithms to inspect product labels and pack-
aging?”. These systems efficiently and accurately validate
product codes, expiration dates, batch numbers, and other
essential details. They can also be leveraged for recognising
optical defects in manufactured products e.g. cracks, tears,
stains etc. By comparing captured images to predefined pat-
terns or templates, they can identify discrepancies or errors
in real-time. This automated inspection process enhances
quality assurance (QA), minimises human error, and boosts
production efficiency.

For quality control, ML-based vision systems rely on
various data sources, such as high-resolution images cap-
tured by industrial cameras, scanned documents of label
designs, and barcode/QR code information. They also use
optical character recognition (OCR) outputs to extract text
from labels, product databases to verify product details,
historical inspection records to monitor past quality checks,
and manufacturing batch data to confirm expected label
content. These data sources are essential for training ML
models and providing reference information for real-time
quality inspections in the factory.

2.5. Cost to Serve (CTS) analysis

After product manufacturing, order fulfilment becomes
crucial, with Cost to Serve (CTS) analysis playing a key role
in assessing the total expenses of delivering goods and ser-
vices to consumers, while also managing profitability 3334,

In the CPG sector, CTS analysis evaluates all costs as-
sociated with product delivery to customers. Implementing
ML models to optimise CTS can significantly boost effi-
ciency and profitability. The main goal is to reduce overall
CTS while maintaining or improving service quality and
customer satisfaction. To accomplish this objective, several
steps can be taken by leveraging data from the Warehouse
Management System (WMS) and Transportation Manage-
ment System (TMS):

e Linear programming or genetic algorithms can be
employed to determine the most profitable product
mix for different channels and customers.

e To improve profitability using an ML model that anal-
yses cost-to-serve and determines the minimum order
quantity (MOQ), regression models can be combined
to predict cost and profitability, and then optimisation
techniques can be applied to identify the ideal MOQ.

e Algorithms such as genetic algorithms or particle
swarm optimisation can be implemented to find the
most cost-effective delivery routes. Additionally, clus-
tering algorithms like K-means or hierarchical clus-
tering can be used to group delivery locations before
applying routing algorithms.
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Table 1

Multimodal Manufacturing Data Model for Factories of the Future

Description of key data sources in the manufacturing data model

pressure etc.) used to monitor &
control process performance

Programmable Logic Controllers
(PLCs); in-line sensors and loT
devices

Data Type Description Typical Sources Typical Modality
Process data Equipment settings (e.g. flow | Historical data from historians; | Structured data; streaming data
rate, feed rate, temperature, | real-time tags from equipment

Quality data

Raw material attributes / analy-
sis, results of in-process test and
post-batch tests

ERP, LIMS, Execution Systems,
Quality management systems,
vendor provided CofA, chro-
matography systems

Structured data

SME know-how

Feedback loop from SMEs ap-
plying domain-knowledge to the
ML models (e.g. during feature
engineering; reward and penalty
assigned to the model during
reinforcement learning etc.)

Adhoc

Other data sources

Out of Specification (OOS)/
Out of Trend (OOT) data; di-
rected graphs representing man-

Text files, images, audio, reports
from in-process inspection sys-
tems

Structured or unstructured data

ufacturing process flow; formula-
tion composition data; write-off
wastes data etc.

Environmental data | Room temperature, humidity,

pressure etc.

Environmental
System
Management System (BMS)

Management | Structured data

(EMS)/ Building

Digital images Photos of products and labels;
digital scans of approved label

designs

Unstructured data

Warehouse data Costs associated with storing
products, including rent, util-
ities, and labour; costs for
picking, packing, and preparing

products for shipment

Warehouse Management Sys-
tem (WMS)

Structured data

Expenses related to shipping
products from manufacturing fa-
cilities to warehouses, and from
warehouses to customers

Transportation data

Transportation
System (TMS)

Management | Structured data

e Reinforcement Learning (RL) techniques can be lever-
aged for continuously improving decision-making and
enhancing profitability by learning from past actions
(e.g. historical shipment delivery routes and delivery
dates for different order quantities) and outcomes (e.g.
total transportation costs). RL algorithms can then
suggest optimal future adjustments to product delivery
planning to maximise rewards (e.g. cost savings and
Full Truck Load (FTL)).

3. Multimodal manufacturing data model

Manufacturing data encompasses qualitative and quan-
titative information, time-series data, controllable and un-
controllable attributes, present and historical data, mea-
sured and simulated data, observable data and process state
variables>>. Recently, the Al community has increasingly
developed multimodal models, particularly with the rise
of Generative Al, to learn from diverse data sources such

as text, images, audio, structured information, 3D models
and computational graphs *°. These models capture complex
information effectively by integrating multiple data strands.
Humans learn by engaging multiple senses (e.g. vision
and hearing with reading text), as multimodal enrichment
aids sensory and motor regions in cross-modal perceptual
processing?’. Viewing the human brain as a knowledge
graph interlinking various senses to create comprehensive
understanding, a multi-sensory Al model similarly inte-
grates diverse data types from the natural environment, re-
flecting their cross-modal relationships. Cross-modal learn-
ing enhances Al models by providing holistic intelligence,
reducing bias, and making traditionally opaque models (e.g.
neural networks) more accurate, scalable, and transparent.
However, leveraging such big data in manufacturing
in practice continues to be at a nascent stage. Figure 1
illustrates a comprehensive manufacturing data model for
digital transformation in factories of the future, which is
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Process Data

Quality Data

owmr -
Other Data sources

Warehouse Data

Transportation Data

Figure 1: Summary of typical data sources and their modalities in the manufacturing data model

both generic and scalable across various products and man-
ufacturing stages (e.g. granulation, coating, compression,
packaging). This is akin to creating a comprehensive digital
twin of the entire manufacturing process, from new product
development in R&D through to logistics and supply chain,
where finished products are produced and delivered to end
consumers. Both structured and unstructured data sources
throughout the factory can be utilised in this model.

Table 1 summarises typical data sources and modalities.
When building a multimodal data model, a key factor is iden-
tifying the relevant attributes to map and integrate data from
various sources, e.g. production order dates and batch/order
numbers. It is also crucial to establish a data hierarchy that
clearly links different stages of the manufacturing process.

Operator input is central to the manufacturing data
model. Consistent interdependencies between different data
types, ML models, and production problems are rare due
to the domain-specific nature of manufacturing issues. Data
complexity varies from factory to factory and requires
insights from subject matter experts (SMEs) for effective
decision-making’. Real-world validation of ML model in-
sights is essential — SMEs, such as process engineers, can
assess the model using their domain knowledge. Improving
Al models with factory data is a long-term, iterative process
that needs SME input to eliminate parameters that may be
mathematically significant but irrelevant in practice.

Furthermore, the model can be applied to real-time data
to guide the manufacturing process, with outputs validated
to ensure critical parameters remain within the optimal range
during production. Human oversight, or a human-in-the-
loop, is a vital component of the manufacturing data model.

4. Discussion

Once a foundational manufacturing data model is es-
tablished, the possibilities for analysis and decision support
are manifold. Both traditional ML models (e.g. linear and

logistic regression, Support Vector Machines (SVM), deci-
sion trees, random forests, eXtreme Gradient Boosting (XG-
Boost), Naive-Bayes, etc.) and deep learning models (e.g.
Recurrent Neural Networks (RNN), Convolutional Neural
Networks (CNN), transformers, Generative Adversarial Net-
works (GAN), etc.) can be utilised. These models handle
classification tasks (e.g. predicting worker safety from real-
time video streams), regression (e.g. predicting shelf life
during stability testing), root cause analysis (e.g. identifying
causes of waste during CPV using causal inference meth-
ods like the Peter-Clark algorithm or Causal Forests), and
optimisation (e.g. improving delivery routes with genetic
algorithms or Deep Q-Learning for CTS analysis).

Clustering techniques, such as K-Means or Fuzzy k-
means, can be employed when historical data is limited (e.g.
to identify product families with frequent failures during
QC/QA). Generative Al techniques can summarise complex
analytical insights into actionable reports for SMEs, utilising
Large Language Models (LLMs) to create detailed factory
reports based on model insights.

Our experience suggests that simpler ML models are
often sufficient for tasks related to OEE optimisation in
factories, thanks to the availability of structured data in most
large factories. These simpler models can provide clearer
and more transparent outcomes. For more complex scenarios
involving unstructured data (e.g. computer vision models for
worker safety or packaging defect identification), deep learn-
ing models may be used. However, these black-box models
can be challenging to explain to business stakeholders. When
using such models, it is crucial to employ Explainable Al
methods (such as Shapley values (SHAP) analysis or atten-
tion mechanisms) and integrate domain-specific information
(e.g., through vector databases and knowledge graphs) to
address any safety and business impact in manufacturing.
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5. Conclusion

In this golden age of Al and abundant data in factories,
there has never been a better opportunity to enhance man-
ufacturing through multimodal data enrichment. Traditional
approaches to leverage data in silos for Al-driven decision
making in factories have faced a long-standing gap in trust
and scalability. We have outlined the benefits of a com-
prehensive multimodal manufacturing data model, which
involves creating a digital twin of the entire manufacturing
process to enable cross-modal learning. This approach can
significantly boost the adoption of Al, supporting continuous
improvements in the supply chain.

We emphasise that Al will not replace SMEs but will
assist them in making smarter decisions in future factories.
Al can improve OEE, reduce waste, and support real-time
release through Al-assisted CPV and predictive stability. By
utilising all available historical data to its fullest potential,
Al can help identify critical associations and issues, acting
as an enabler for more intelligent decision-making.
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