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The increasing availability of data, due to the adoption of low-cost industrial internet of things tech-
nologies, coupled with increasing processing power from cloud computing, is fuelling increase use of
data-driven models in manufacturing. Utilising case studies from the food and drink industry and waste
management industry, the considerations and challenges faced when developing data-driven models for
manufacturing systems are explored. Ensuring a high-quality set of model development data that accu-
rately represents the manufacturing system is key to the successful development of a data-driven model.
The cross-industry standard process for data mining (CRISP-DM) framework is used to provide a reference
at to what stage process manufacturers will face unique considerations and challenges when developing
a data-driven model. This paper then explores how data-driven models can be utilised to characterise
process streams and support the implementation of the circular economy principals, process resilience
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1. Introduction

Fundamental to manufacturing is mathematical modelling
(Hangos and Cameron, 2001), which utilises analogies to help un-
derstand the behaviour of a complex system (Cross and Moscar-
dini, 1985). Models translate theories of how the world functions
into the language of mathematics. Once built, a model can be
used to aid in decision-making, develop scientific understanding,
communicate knowledge and/or make predictions (Schichl, 2004).
Manufacturers have utilised mathematical modelling for four pri-
mary applications: (1) planning and design; (2) monitoring and
control; (3) process optimisation and (4) risk mitigation (Perry and
Green, 2008). There are two branches of manufacturing, dis-
crete manufacturing and process manufacturing. Discrete man-
ufacturing consists of a bill-of-materials that moves between a
set of manufacturing equipment, as it is cut and assembled to-
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gether (Brandl, 2007). Whereas in process manufacturing, raw or
waste materials flow through the manufacturing plant undergo-
ing thermal, chemical and/or biochemical conversion (Fisher et al.,
2018). This fundamental difference between the two causes nu-
merous disparities between the manufacturing practices/processes
(Brandl, 2007). Therefore, when constructing a model of a system,
both discrete and process manufacturing have a unique set of con-
siderations, challenges and opportunities. This paper shall focus on
those faced in process manufacturing environments.

Within the field of mathematical modelling, there are two
distinct branches: first principles modelling (often referred to as
mechanistic models) and empirical modelling. First principle mod-
els build a series of equations by examining the workings of the
system’s individual parts (Schichl, 2004). First principle models
rely on system understanding to compensate for lack of data. Be-
cause of this, they have a greater potential for extrapolation com-
pared to empirical models (Mathews, 2004). Empirical models are
mathematical equations derived from the analysis of data; there-
fore, requiring less knowledge of the system (Solomatine et al.,
2008). Empirical models rely on the assumption that the data is of
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sufficient granularity and/or quantity to define the system. How-
ever, if the system is defined within the data, empirical models
are valuable tools for characterising the system input-output re-
lationships, especially when there is limited engineering-domain
knowledge to characterise complex systems (Luo et al., 2016).
For example, empirical models have proven efficiency at mod-
elling novel configuration bioelectrochemical systems (BES), which
otherwise would require detailed knowledge of complex interac-
tions between physical, chemical and electrochemistry principles
(Luo et al., 2016).

Empirical models are already well utilised in process manu-
facturing because of the volume of data manufacturers produce
(Rasmuson et al., 2014). Recently the capabilities of empirical
models have greatly expanded due to advances in the fields of
computational intelligence and machine learning, these new ap-
proaches are encompassed into the field of data-driven modelling
(Solomatine et al., 2008). Computational intelligence are nature-
inspired computational approaches to problem-solving; for exam-
ple, algorithms that mimic the behaviour of animals (e.g. swarm
intelligence) (Saka et al., 2013) or algorithms that replicate the be-
haviour of how humans solve problems (e.g. artificial neural net-
work, ANN) (Kim, 2017). Machine learning focuses on the develop-
ment of algorithms that can access data and use it to learn for
themselves (e.g. support vector machines or random forest) and
algorithms can belong within each fields (e.g. ANN) (Coley et al.,
2018). Data-driven models (DDMs) are able to find relationships
between the system state variables (input and output) without
prior knowledge of the system (Angria et al., 2018); although, the
incorporation of prior may enhance DDM predictive capabilities
(Lauer and Bloch, 2008). Data-driven models derive the system’s
relationships by training an algorithm (e.g. linear regression, ANN,
Gaussian process) on manufacturing data (Kim, 2017). Although
data-driven algorithms have long existed (Ojha et al., 2017), their
use in industry has been limited because of data constraints (e.g.
lack of data, data not stored in useable format) and lack of com-
putational processing power (Ge, 2017). There is an unprecedented
rise in the volume of manufacturing data being generated due to
the adoption of cyber-physical systems, smart factories and the in-
dustrial internet of things (IloT) (Sadati et al., 2018). In 2015, it was
reported that manufacturers globally generated more than 1000
Exabyte of data and by 2025 data generation in manufacturing will
increase 20-fold (Yin and Kaynak, 2015). This means that the vol-
ume of data available to build DDMs has never been greater. Data-
driven models were not always considered suitable for enterprise-
wide modelling due to the computational cost in modelling vast
volumes of data (Boukouvala et al., 2016). However, with the in-
troduction of cloud computing, manufacturers now have affordable
access to the processing power required to model large data sets
(Ge, 2017). Subsequently, DDMs are becoming prevalent across in-
dustry for modelling and monitoring of plant-wide industrial pro-
cesses (Ge, 2017).

There are well-known methodologies that provide a struc-
tured approach to developing a DDM. These include data min-
ing and knowledge discovery in databases (KDD) (Fayyad and
Stolorz, 1997), the cross-industry standard process for data mining
(CRISP-DM) (Shearer, 2000), and sample, explore, modify, model
and assess (SEMMA) (Shafique and Qaiser, 2014). Out of these
the CRISP-DM is the most widely used methodology for devel-
oping DDMs and considered the de facto standard by indus-
try (Mariscal et al., 2010). The CRISP-DM is composed of six
phases: business understanding, data understanding, data prepara-
tion, modelling, evaluation and deployment. Business understand-
ing focuses on defining DDM objectives and requirements from a
business objective. Data understanding is the collection and explo-
ration of the data. Data preparation is the selection, cleaning and
transformation of the data, in order to format the data from the

next phase modelling. Modelling concerns the selection and appli-
cation of various modelling techniques. Evaluation is the evaluation
of obtained models and how to use their results. Finally, deploy-
ment focuses on utilising of the obtained results, knowledge and/or
models to benefit the business. Developing a DDM is iterative as
knowledge gained during the process may redefine the objectives
and modelling approach, as shown in Fig. 1.

Utilising a structured methodology to develop a DDM helps the
developer avoid common data modelling mistakes that may re-
sult in models built that exhibit poor generalisation and overfit-
ting problems. Unless properly addressed these are the two main
sources of error in DDMs (Kim, 2017) and defined as:

 Generalisation: is the capability of a DDM to fit and make pre-
dictions of data that was not used during the development of
the model (Kim, 2017). The challenge of making the model per-
formance consistently between data used to develop the model
and new input data is known as generalisation.

Overfitting: is the generation of a model that corresponds too
closely or exactly to the noise (error) within the dataset, which
negatively impacts future predictions (Srivastava et al., 2014).

Process manufacturers can face some unique challenges when
facing generalisation and overfitting problems, due to the diffi-
culty in defining the process manufacturing system. A manufactur-
ing system is defined as an input stream(s) which passes through
a process changing their physical and/or chemical nature into an
output stream(s), which may consist of multiple products, by-
products and/or waste material. Because of characteristics specific
to process manufacturing systems (e.g. feedstock and waste vari-
ability, non-linearity of processes, product specification) deciding
on what data is required and knowing whether the system is ac-
curately represented in the model’s development data is a chal-
lenge. This problem is further compounded by a system where
data availability is limited (e.g. batch production of multiple prod-
ucts, frequent changes to manufacturing practise, implementation
of new technologies). This is because the system is likely to con-
tain regions underrepresented by the data, which possibly restricts
the model’s capability to make predictions in that region. Mod-
els of said systems will have to undergo frequent retraining as
more data becomes available. These considerations and challenges
have often been neglected in previous process manufacturing DDM
(Charte et al., 2017; Ning and You, 2018; Sadati et al., 2018).

The CRISP-DM approach has been successfully applied to pro-
cess manufacturing scenarios where data is abundant and the
challenge has been extracting useful information from the data
(Arce et al., 2018; Atzmueller et al, 2017). There have been sev-
eral attempts to update the CRISP-DM approach from a manufac-
turer perspective (Harding et al., 2006; Soroush Rohanizadeh and
Moghadam, 2009), but these approaches have taken a general view
of manufacturing as a whole. Process manufacturers whose sys-
tems are poorly defined will face challenges specific to process
manufacturers from data availability and variability. Therefore, the
aim of this paper is to present the considerations and challenges
unique to process manufacturers. This knowledge may benefit fu-
ture manufacturers who wish to develop models of their systems
and avoid overfitting and generalisation problems. These points are
presented in the context of the CRISP-DM framework to provide a
structure to the modelling task, as shown in Fig. 1. This may be
used as a guide by process manufacturers and modellers to facili-
tate the development of DDMs for their particular application.

Through two case studies, the considerations and challenges
faced when modelling process manufacturing systems will be pre-
sented, before discussing what new opportunities arise from data-
driven modelling. Each case study project was performed with a
small and medium enterprise (SME). The aim of these projects
was to increase the economic and environmental sustainability of
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Fig. 1. Phrases of the CRISP-DM detailing updated to show the unique considerations and challenges faced when developing a data-driven model describing a process
manufacturing system. Adapted from (Shearer, 2000).

Table 1

Summary of case studies (CSs).

Waste/water management CS1

Brewery CS2

Manufacturing system

Project’s aim

Feedstock characteristics

Product specification

Process description

Model inputs

Model outputs

Volume of data

The H2AD bioprocess is a circular economy technology,
which treats wastewater to reduce the pollutant load and
improve the water quality for reuse, whilst
simultaneously generating bioenergy.

To develop a model to analyse and predict the effect of
wastewater variability (e.g. suspended solid content) has
on the bioprocess performance. Utilise model to make
predictions on bioprocess’s ability to treat new
feedstocks.

Farm waste which has variability due to changes in farm
practices, the welfare of cattle, rainfall, seasons and more.

Wastewater pollutants are reduced so water is fit for
reuse. And biogas generated contains a minimum of 70%
by volume of methane.

The H2AD is a semi-batch bioprocess, meaning that X
volume of liquid enters and leaves the system at
predefined time intervals. When entering the system the
feedstock is heated to 30 °C. The process stream is
recirculated through the system.

Water quality analysis parameters of feedstock (e.g. pH,
dissolved oxygen, chemical oxygen demand, total
suspended solids).

H2AD process conditions (e.g. temperature, system
pressure).

Chemical oxygen demand (mg/L) and total suspended
solids (mg/L) of the output stream.

Daily biogas production (L) and methane concentration of
biogas (% vol).

Samples were collected once a week for a 1 year period,
resulting in 52 data points.

Fermentation is a critical process in beer production
where the sugar in the wort is converted to alcohol.

To develop a model to predict alcohol concentration from
temperature and ultrasonic measurements during a
fermentation process.

Raw ingredients are cereal grain, hops, water and
brewer’s yeast. Each ingredient contains inherent
variation which can affect flavour, colour, carbonation,
alcohol content and other subtle changes in the beer.
Slap in the Face beer containing 4% alcohol concentration.

The main stages in the brewing process are: wort
production, alcoholic fermentation and maturation. It is a
batch process with the fermentation lasting between 3-6
days.

Temperature, ultrasonic velocity and received ultrasonic
signal amplitude, during fermentation.

Alcohol concentration during fermentation.

Four datasets were collected from four batches of the
Slap in the Face beer. Each data date set was made up of
between 830-835 data points.

these companies through the development of DDMs which utilised

data collected from each manufacturing process. Both projects pre-

sented a variety of considerations and challenges that the authors
and SMEs had to overcome (Table 1).

1.1. Case study 1: waste/water management

SMEs are under pressure to reduce manufacturing costs and an
effective waste/water management strategy is paramount. By 2050

there will be a 400% increase in demand for water by the manufac-
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turing sector (OECD, 2012). Larger manufacturers have been utilis-
ing processes, like anaerobic digestion (AD), to valorise their waste
to produce bioenergy and consider the resulting solid waste as fer-
tiliser (Lin et al., 2013). The upfront capital costs of anaerobic di-
gestion are a significant barrier for SMEs, which are generally more
sensitive to additional financial costs (Rizos et al., 2015).

In the UK, Lindhurst Engineering Ltd. in partnership with the
University of Nottingham has developed a technology called HZAD
Micro AD. The H2AD bioprocess is capable of treating a variety
of wastewaters, from sources including agriculture, brewing, soft
drinks, foods, bio-manufacture residues, to reduce the pollutant
load and improve the water quality for reuse, whilst simultane-
ously generating bioenergy. The HZAD is a hybrid of anaerobic di-
gestion and a microbial fuel cell, targeted at treating SME process
manufacturer’s wastewaters due to its modular, low-cost design.

Variations in the composition and characteristics of wastewa-
ter require management practices that can accommodate fluctua-
tions in feedstock properties and process conditions, yet still de-
liver appropriate outputs without compensation in capital or op-
erating costs. These wastewater variations, as well as potential en-
vironmental factors (e.g. seasonal), can decrease the efficiency of
the bacteria to reduce pollutant load and generate biogas, which
are the heart of the HZAD bioprocess. This case study aims to de-
velop a DDM aimed at understanding how variations in the in-
put wastewater stream and H2AD process conditions inform on
the process performance. The performance is defined as the per-
centage removal of wastewater pollutants and volume of biogas
generated. The model is trained on data collected from an operat-
ing H2AD plant currently treating wastes produced by a 300 cattle
dairy farm. The farm waste contains cattle slurry, bedding waste,
waste milk, footbath, parlour washing and rainfall. The model will
then be used to:

(1) Analyse and predict wastewater variations effect on the bio-
process performance and respond to energy challenges.
(2) Predict the bioprocess’s ability to handle new feedstocks.

1.2. Case study 2: craft breweries

There are over 2000 craft breweries within the UK, most utilis-
ing equipment and processing techniques that have not changed
for +30 years (Simmonds, 2017). This makes it an often unpre-
dictable and inefficient process, especially regarding water over-
consumption (Edmonds, 2016). A critical stage of the brewing pro-
cess is fermentation, where yeast is added to the wort (the liquid
extracted from the mashing process downstream) to convert sugar
to alcohol (ethanol). The fermentation process is complete once the
beer has reached the desired alcohol content and flavour profile.
For SME breweries, this is currently determined by removing sam-
ples from the vessel and manually measuring the specific gravity
with a hydrometer. Although the fermentation duration should be
identical for each batch of a particular beer, this is rarely the case
due to seasonal variability in ingredient (malts, hops, water) prop-
erties and natural fluctuations in process temperature. As specific
gravity measurements are only taken every 4-10 h (or longer if no
one is working overnight) this often leads to overfermentation, af-
fecting product quality and resource utilisation.

Ultrasonic sensors can be used to monitor industrial pro-
cesses such as equipment cleaning (Escrig et al., 2019) and mul-
tiphase flow (Al-Aufi et al., 2019). Previous research has shown
that ultrasonic measurements can be used to monitor changes in
ethanol volume concentration during beer fermentation processes
(Krause et al., 2011; Resa et al., 2004). The authors of this pa-
per are currently working on a project to develop a low-cost ul-
trasonic sensor designed for craft brewers. They are collaborat-
ing with an SME craft brewery in Nottingham, UK called Totally

Brewed. This project records ultrasonic and temperature measure-
ments during fermentation and uses supervised machine learning
algorithms, such as artificial neural networks (ANNs), to predict the
alcohol concentration from these measurements.

These case studies were chosen because they contain character-
istics unique to process manufacturing systems (Table 1). Examples
of the considerations and challenges resulting from these charac-
teristics are referred to throughout this paper to support the topics
discussed in each section.

2. Considerations for data-driven process manufacturing
models

When developing a model, there are considerations, which
must be made before the data collection and model building
stages. Primarily, these considerations are

(1) Defining the model’s goal;

(2) Understanding what is required from the model and,

(3) Data considerations (what data is already collected, what ad-
ditional data points are required, how much data is needed,
how the data is to be collected and how often).

Detailed discussions between the manufacturer and modeller
must take place to address these considerations. The modeller
(or team of modellers) may be an internal employee(s) or man-
ufacturers may sub-contract data analysists and software special-
ists to model their processes. Digital companies, like Microsoft’s
Azure software, are now offering these services through the cloud
(Microsoft, 2018). This service-orientated approach is often more
affordable as they operate on a pay-as-you-go business model
(Fisher et al., 2018). This means they are more readily available,
especially for SMEs, who are understandably unlikely to have the
required expertise within their current workforce or be able to af-
ford the cost of developing, running and maintaining the models
themselves.

2.1. Defining the model’s goal

When constructing a mathematical model, the first stage is to
identify and define the model’s goal, as this will define the model’s
outputs (Cross and Moscardini, 1985). A model may have multi-
ple goals; these may change over time and may come into con-
flict with each other. For example, in the waste/water management
case study (CS1), the model’s aim is to understand and predict how
the system’ variability affects the H2AD bioprocess performance
and make predictions how the H2AD bioprocess will perform on
new feedstocks. The performance of the process is defined as the
percentage removal of wastewater pollutants and volume of bio-
gas generated. The model’s goal is to make predictions using the
feedstock and HZAD process data to determine the HZAD process
conditions that maximise the removal of key pollutants and vol-
ume of biogas generated. These two goals may come into conflict
with one another; for example, maximising pollutant removal may
adversely affect the rate of biogas production. Determining which
goal to favour will be driven by current economic and environmen-
tal factors, customer demands and regulations. In the brewery case
study (CS2), the model’s aim is to predict when fermentation is
complete and the beer has reached desired alcohol concentration
and flavour profile. By doing so it will minimise over-fermentation,
which wastes resources and results in an inferior product. This de-
fined the model’s goal of developing a model that could predict
the alcohol concentration in real-time from affordable ultrasonic
and temperature measurements.
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Table 2

Examples of data-driven models requirements for the 2 case studies, waste/water management and brewery.

Identify relationships

Make predictions

Waste/water management CS1

both strongly affect performance.

Brewery CS2

generation.

To understand how variations in both the feedstock’s
characteristics and process conditions affect the H2AD
bioprocess. In addition, identify which key variables in

Models data to identify the relationship between
temperature and ultrasonic measurements during
fermentation to alcohol. Furthermore, to understand how
variations in these measurements affect alcohol

(1) To predict how variations in feedstock will affect the
bioprocess performance and optimise the process
conditions to maximise performance.

(2) To predict the H2AD'’s performance when treating
new feedstocks to determine if they are financially viable
(1) Utilises the model to make a prediction of
fermentation endpoint for the current batch.

(2) To evaluate feedstocks (hops, malt, water, yeast)
influence the fermentation time and adjust process
conditions to accommodate.

2.2. Understanding the requirements from the model

A model's goal will inform on what function the model is to
perform and what degree of accuracy is required in the model out-
puts. A DDM may perform two functions:

(1) Fit data (by regression, classification and/or clustering) to
identify relationships between input, output, process and
material properties.

(2) Predict process performance and resource use.

Dependant on the goal, a DDM may only be required to per-
form function (1) or it may perform both functions (1) and (2).
Data-driven models are able to model highly complex, nonlinear
systems to identify these relationships (Pasini, 2015). Dependant
on the manufacturer’s requirement, DDMs can also be utilised for
predictions (Almeida, 2002). However, the complexity of the model
may increase, which will be dependant on the required accuracy of
the model’s predictions (Almeida, 2002). Table 2 gives examples of
both functions (1) and (2).

An important consideration for the manufacturer is assessing
the required accuracy between the model’s output and the true
value. Is it important to the manufacturer whether the model is
able to make predictions to 99.9% accuracy or is a model with re-
duced accuracy sufficient to complete the task? According to Dean
Abbott, president of Abbott Analytics, it is more desirable to a
manufacturer to build a model that meets the requirements for
the task at a cheaper cost than to invest more money in unneces-
sary accuracy (Garment, 2014). The accuracy of a DDMs is widely
defined by the norm of the differences (“residuals”) between esti-
mates and observations (Duarte et al., 2004). The required accuracy
will be determined by any one or a combination of the following
factors:

(1) Product specification: when DDMs are utilised to predict
a product’s specification, the model’s accuracy is influenced
by the acceptable tolerance around the product specification.
The tolerance may be determined by regulations, customer
demands and/or economic feasibility.

Regulation(s): manufacturers are subject to regulations re-
garding the accuracy to which they state the composition
of their product, co-product and waste streams. For exam-
ple, beers of an alcoholic strength not exceeding 5.5% vol-
ume that are sold within the European Union are subject to
a 0.5% tolerance (European Union, 2011).

Economic: when predicting an output that has a strong cor-
relation to the economic feasibility of the process. Depen-
dant on how precarious the process is between profit or
loss making will influence how accurate the DDM is re-
quired to be. For example, when predicting the product yield
of yield-driven processes. Yield-driven processes are produc-
tions processes whose economic feasibility are substantially
influence by-product yield.

—
N
—

—
w
~

(4) Safety: when making predictions that influence the safety of
the manufacturing system the DDM'’s accuracy is influenced
by the severity and likelihood of the hazard. For example,
when predicting hazardous gas dispersion under complex
terrain conditions a high level prediction accuracy is re-
quired (Wang et al., 2018).

2.3. Process manufacturing data considerations

Data-driven models can be harnessed to support the devel-
opment and implementation of new technologies and processes
(Qiao et al., 2003). However, this requires the generation of a set of
data, which can be costly and time-consuming (Sadati et al., 2018).
Ensuring the data collected is representative of manufacturing the
system is paramount to the performance of DDMs (Batista et al.,
2004). To achieve this there are four questions to consider when
generating a set of data:

(1) What data already exists, to what granularity (the scale and
level of detail in the data) and how representative of the sys-
tem is the data?

(2) What volume of data is required for model development?

(3) How was the data collected?

(4) What, if any, additional data will the model require and how
will it be collected?

Manufacturing companies today are collecting vast troves of
process data but typically use them only for monitoring purposes
and after the event analysis, and not as a basis for improving pro-
cess resilience (Sadati et al.,, 2018). As part of the data considera-
tion stage, the modeller will need to decide on the optimal num-
ber of input and output variables the model will require. This is
achieved through feature selection and dimensionality reduction
techniques, which improve the model’s performance by identify-
ing and removing noisy and/or irrelevant variables from the data
(Sadati et al., 2018). Irrelevant variables are variables that have
little to no impact on the model's output. Conversely, there ex-
ist process manufacturing systems that are not currently measur-
ing/storing data to the required granularity to capture the system
being modelled within the data. Therefore, a plan needs to be de-
veloped to decide which additional measurements and what vol-
ume of additional data is required, as well as how this data will
be collected. For example, in CS1 the H2AD bioprocess was already
collecting 7 process performance variables but no data on the char-
acteristics of the incoming or outgoing wastewater streams. Nine-
teen water quality variables were identified for initial collection,
though with appreciation that not all of these would be truly rel-
evant to modelling the output data. This made for a total of 26
input variables that was reduced to 9 by feature selection followed
by principal component analysis. The volume of data is determined
by three factors.

(1) The data needs to extend to, and preferably beyond, the sys-
tem boundaries. Testing the model’s capability to fit and pre-
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dict beyond the system’s boundaries is important to estab-
lish the confidence boundaries of the model.

(2) The duration period of data collection must be sufficient to
capture any temporal variations observed in the system.

(3) There must be an equal distribution of the data within the
system boundaries, to ensure the model is capable of fitting
data and making predictions throughout the system.

If it is possible to collect data that achieves these three fac-
tors efficiently, then the volume of data required will be less. This
can be done using Design of Experiments (DoE) techniques, such
as central composite design and Box-Behnken design, to system-
atically collect data from across the system (Hamid et al., 2016).
However, collecting data in industrial environments has numerous
challenges (see Section 3) and a less intrusive method may be re-
quired, see (Section 3.3).

Data is collected either manually or automatically. Data col-
lected manually is time-consuming and introduces the possibility
of human error (Skoogh et al., 2012). Whereas, data collected au-
tomatically generally increases the volume of data recorded and
removes human error (Skoogh et al., 2012) However there is a cap-
ital cost in purchasing and installing the required systems to col-
lect the data automatically. Data-driven models often benefit from
the automatic collection of data, as they can react in real-time to
changes in the input variables. The DDM’s response can feed into
a larger online system creating a feedback loop. However, auto-
matic data collection comes with challenges associated with han-
dling large datasets. When handling a large dataset, the five V’s
are often employed to characterise the data (Addo-Tenkorang and
Helo, 2016):

o Volume: refers to the size of the datasets.

« Velocity: is the speed to which data is generated, collected and
analysed.

« Variety: is defined as the different types of data (e.g. time se-
ries data, image, audio, log files) incorporated into the datasets.

 Value: refers to the value extracted from the data.

Veracity: the trustworthiness and quality of the data.

3. Challenges for data-driven process manufacturing models

Process manufacturers face unique challenges when collecting a
set of data that is representative of the manufacturing system. The
machine learning techniques utilised by DDMs have increased ca-
pabilities to fit data and make predictions when more data is pro-
vided (Kim, 2017). However, when ensuring there is sufficient data,
and that it is representative of the system, there are a number of
challenges in:

1) The availability of process manufacturing data;
2) The variability of process manufacturing systems;
3) Establishing the system boundaries;
4) Evaluating the model’s output on unseen data.

—~ e~~~

3.1. Avdilability of manufacturing data

Data collection from real industrial processes faces a plethora of
well-known challenges: sampling frequency, spatial representation
of process environments, incomplete data, working conditions, sen-
sor malfunction, communication exception or database shutdown,
accuracy, etc. (Shang et al,, 2014; Souza et al., 2016). This can re-
sult in poor quality data for model development that may require
cleaning. Cleaning may be necessary to remove outliers within the
data that are not representative of the system; however, the chal-
lenge is in knowing what data is and isn’t representative of the
system. Although DDMs developed from machine learning algo-
rithms can overcome these challenges, large volumes of data are

required (Qin, 2014). This is not always possible from process man-
ufacturing systems, as they may be subject to additional challenges
concerning the availability and variability of data. An established
process manufacturing system may already have a wealth of histor-
ical data available for the initial training stage. However, this may
not always be the case and the reasons for this may include:

(1) Modelling a new or adapted process, meaning no historical
data representative of the current process exists;

(2) Variables (e.g. process conditions, external influences, new
or changing feedstock) required for the model were not pre-
viously measured;

(3) Manufacturers may not have stored their data or not stored
their data in a useable format;

(4) Manufacturers may produce a variety of products, meaning
data on any one product is limited;

(5) Manufacturers may not keep potentially damaging data to
the business if not required to.

Furthermore, industries that produce a variety of products from
the same set of processing equipment (common in the pharma-
ceutical and food and drinks industries) will require the creation
of a dataset for each of their products; as the process conditions,
feedstocks and resources will be specific to that product. This data
may not be immediately available, as these industries tend to pro-
duce a batch of one product then switch to another. This means
the time between batches of the same product can be extensive
delaying the development of the model. The CS2 faced these chal-
lenges, where craft breweries tend to ferment a range of different
beers and a model would need to be developed/adapted for each
beer. The beer in question for this study is currently only brewed
once a month so this means only 12 data sets could be recorded
each year, which may not be sufficient for the machine learning
models. Equally, for CS1 a new dataset will be required for opti-
mising the H2AD bioprocess’s performance on new feedstocks (e.g.
a different farm'’s waste, food waste).

The challenge of process manufacturing data availability will be
less to manufacturers that utilise industrial control systems as part
of their manufacturing systems. Systems like SCADA (supervisory
control and data acquisition) have existed since the 1970’s and are
used to monitor and control a plant in industries such as wastew-
ater treatment, waste management, energy, oil and gas refining
and food production (Qin, 2014). Industries that make a consis-
tent product and have extensively utilised industrial control sys-
tems (e.g. wastewater treatment or oil and gas refining) are well
placed to recover value by developing a DDM to discovery knowl-
edge within their historic data (Qin, 2014).

3.2. Variability in manufacturing systems

All manufacturing systems contain inherent variation (e.g. fluc-
tuations in process temperatures, pressure, and flowrates, human
operators, leakages) which can affect the performance of a DDM.
This variability may be overcome by collecting sufficient quan-
tity of relevant data as the variability will be captured within
the model (Kay et al.,, 1999). However, this is not always possible
for process manufacturers (see Section 3.1). Process manufacturers
face the further challenge from the variations present in the re-
source flow, particularly when the resource flow is a waste stream.
The feedstock physical and compositional variability can have a
significant impact on the biochemical and thermochemical conver-
sion to the final product (Williams et al., 2016). This variation can
occur for a number of reasons, as summarised in Table 3.

During CS1, the HZAD bioprocess was affected from variations
in the feedstock supply, caused by changes to farm practice. There
is an inherent variation present in the feedstock, as shown by the
fluctuations in concentrations of four key water quality parameters
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Table 3

Causes of variation in process manufacturers’ feedstock and some industry examples.

Cause of variation

Industry example

1. Processes upstream
2. Changes in operating

practices upstream

3. Changes in supplier

4. Local agronomic conditions

5. Cultivation and harvesting
practises

6. Seasonal

Water is an essential brewing ingredient. Inherent variability in the water treatment methods employed upstream
has a direct impact on the water’s characterises, and thus the final beer’s characteristics (Simate, 2015).

Farming practices vary throughout the year. For example, the practices of spreading the farm waste stored in a
slurry tank increases between the months of April and September, as per the EU waste framework Directive
91/676/EEC (European Union, 1991). This affects the slurry’s characteristics (including total suspended solids, metal
content and nutrient and organic load) and impacts processes utilising it as a feedstock, e.g. the H2AD bioprocess.
Anaerobic digestion is an attractive option for the valorisation of food waste and other wastes with high organic
load and calorific value. However, instability of anaerobic digesters is a common problem that can be exasperated
by changes to the feedstock (Fisgativa et al., 2016). Food waste characteristics vary hugely dependant on its source,
as well as being inherently variable (Fisgativa et al., 2016). Introducing a new feedstock to a digester can reduce
biogas generation as the system takes time to adapt (Zhang et al., 2014).

Geographic location affects feedstock characteristics through variations in local agronomic conditions

(Williams et al., 2016). The structure of corn harvested in the US has been shown to have a stronger correlation to
geographic location than genetic variety (Templeton et al., 2009).

There is extensive exploitation of plants for active ingredients for drug development (Ncube et al., 2012). The active
ingredient derives their therapeutic effects from secondary metabolites, which is influenced by numerous natural
factors (Ncube et al.,, 2012). The timing of harvesting and/or handling of the plant material also has an impact on
plant quality (Ncube et al., 2012).

Sewage sludge generated by wastewater treatment plants is often used for agriculture as it recycles nutrients and
organic matter to land. However, there is an environmental threat from the heavy metal content in the sludge
(Garcia-Delgado et al., 2007). The heavy metal content has been shown to vary by seasons and understanding this

variability is important to minimise any negative environmental impact from using the sludge as a fertiliser

(Garcia-Delgado et al., 2007).
7. Storage and transportation

Potatoes degrade after they are harvested, at a rate determined by the storage: temperature, relative humidity, air

circulation and gas composition (Eltawil et al., 2006). During transportation, the potatoes’ quality is further reduced
by bruising (Eltawil et al., 2006). Food manufacturers receive potatoes from multiple suppliers. Therefore,
classification is required to determine if a potato quality is sufficient for further food processing

(Lopez-Juarez et al., 2018).
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Fig. 2. Concentration of four water quality parameters of H2AD feedstock during 2018: (A) dissolved oxygen (DO), (B) pH, (C) total suspended solids (TSS) and (D) chemical

oxygen demand (COD).

in Fig. 2. The feedstock is stored in a slurry tank open to the envi-
ronment, meaning during the winter months the total suspended
solids (TSS) would decrease as the feedstock became diluted by in-
creased rainfall.

There are further problems that arise from unexpected variabil-
ity between batches of the same product. The brewery CS2 helps
to illustrate the variability within supposedly identical processes.
Fig. 3 shows the ultrasonic velocity, received ultrasonic signal am-
plitude and temperature as a function of fermentation time for
four batches of a particular beer. Each of these measurements was
recorded during different months in 2018, and are the input vari-

ables for a DDM predicting alcohol concentration during fermenta-
tion. The results indicate that the majority of variation within the
signal is caused by temperature variations, which is typical of ul-
trasonic measurements. However, although the ultrasonic results
show the same overall trends there are other variations caused
by feedstock variability and marginally different brewing condi-
tions (e.g. volume in the fermenter). These will affect the perfor-
mance of the machine learning models and affect their accuracy. In
Fig. 3, batch 4 shows a totally different temperature and speed of
sound profile to the other batches. This was the result of a failure
of the temperature control system during fermentation. Therefore,
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Fig. 3. Amplitude, temperature and speed of sound data during fermentation of four batches of Slap in the Face beer, collected from Totally Brewed in 2018.
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Fig. 4. Figure showing model development data that is only representative of one
part of the whole manufacturing system. Where blue dots are model development
data, the blue solid box represents model boundaries and the red dashed box rep-
resents system boundaries.

this batch was not representative of the system and is not suitable
for training the model, further limiting the data available for model
development.

3.3. Recognising the manufacturing system’s boundaries

Predictions are a key feature of DDMs for process optimisation
and intelligent decision-making. Data-driven models’ predictive ca-
pabilities are generally strongest within the boundaries of the data
used to develop them (Kim, 2017). If the data is only representative
of a subsection of the manufacturing system, the model will fail
at making accurate predictions of the entire system. Fig. 4 helps
to visualise this problem. The model will be able to make accu-
rate predictions for data inputted that is within the blue box but
its prediction capability will likely decrease in accuracy the further
away from the model boundaries. There are two methods to ensure
the manufacturer can be confident the in model’s results:

1. knowing the system boundaries and ensuring the model devel-
opment data extends to these boundaries;

2. knowing the model boundaries and ensuring that only predic-
tions made from this within the model development data range
are acted upon.

Knowing the system boundaries of a process usually re-
quires prior knowledge elicited from process industry practitioners
(Shang et al., 2014). However, when modelling a new or changed
system this knowledge may need reinforcement from trends iden-
tified within the model development data. Data visualisation plays
an important role when understanding the space the system op-
erates within (Lee and Ong, 1996). It is simple to visualise the
boundaries’ of a system of two or three dimensions, as demon-
strated in Fig. 4. However, process manufacturing models typi-
cally contain data of higher dimensionality that will be impossible
to visualise using conventional two-dimensional Euclidean space
(Wang et al., 2004). There exist a number of approaches to plotting
high dimensional data (Carr et al., 1987). Approaches like the scat-
ter plot matrix can be utilised to plot the individual relationships
between the variables alongside one another (Carr et al., 1987). The
parallel coordinates system representation is particularly useful in
visualising process manufacturing data in one plot (Wang et al.,
2004). Wang et al. developed the Scan Circle algorithm that is able
to identify regions of interest within the data that can be used to
help describe the feasible region a DDM may operate successfully
(Wang et al., 2002). Once the modeller is confident in the bound-
ary conditions the model development data is selected from the
historical data, ensuring that the model development data extends
to these boundaries. A scatter plot matrix was used to understand
the model boundaries for the feedstock characteristics in CS1, a
section is shown in Fig. 5. The diagram clearly shows that TSS is
between 10,000 and 20,000 mg/L for the majority of the train-
ing data, implying that predictions for when TSS is greater than
20,000 are likely to be less accurate. It also indicates that there
is a strong positive correlation between TSS and chemical oxygen
demand (COD).

If no historical data exists, then data needs to be collected
and it is likely that the system boundaries are yet to be defined.
This can be overcome by collecting data over a suitable number
of batches and/or timeframe of a continuous process, to be con-
fident that the system is modelled within this data. This may be
a time-intensive approach, as data may need to be collected for
up to or beyond a year. For example, the process may be influ-
enced by seasonal variations. An alternative method is to conduct
a DoE, to determine a robust set of experiments that will define
the system limits and generate data to extend to these boundaries
(Hamid et al., 2016). By using DoE the data collection time and
volume of data may be greatly reduced; however, the manufac-
turer may face additional costs from process disruptions necessary
for experiment execution to achieve a robust dataset (Sadati et al.,
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Fig. 5. Scatter plot matrix for four of case study 1’s feedstock’s characteristics [Temp.: temperature; DO: dissolve oxygen; TSS: total suspended solids; COD: chemical oxygen

demand].

2018). Dependant on the potential economic benefit of the model,
it may be worth the additional cost or it may prove more feasible
to conduct pilot-scale work to generate the data.

Prediction made by DDMs will always contain a degree of un-
certainty. Uncertainty quantification is concerned with understand-
ing the impact from the uncertainties inherent within the in-
put data on the model’s outputs (Iskandarani et al., 2016). There
are a wide spectrum of techniques to consider when undertaking
uncertainty quantification including: Bayesian methods, Latin hy-
percube sampling, polynomial chaos expansions, stochastic finite-
element methods, Monte Carlo (Owhadi et al., 2013). Owhadi et al.
proposed an optimal uncertainty quantification framework, which
may be used as a guide for process manufacturers when accessing
a DDM'’s predictive performance across the manufacturing system
boundaries.

When implementing a new model into a system, careful mon-
itoring is initially required to ensure the model is reflective of the
system. Particularly if there is variability in the feedstock and other
external factors. Once successfully installed, the model requires
monitoring to prevent a gradual degradation in performance. The
decrease of the prediction quality is caused by the gradual and
abrupt changes in the process (Kadlec and Gabrys, 2009). This can
be avoided by retraining the model periodically as the availability
and collection of data increases. Regular retraining often proves ex-
pensive and “online-learning” is an alternative approach to devel-
oping a DDM. Online learning is a different approach to machine
learning where models continuously evolve as data becomes avail-
able sequentially in time (Chandrasekaran et al., 2012). This will
be particularly effective for process manufacturers modelling data
collected in real-time from control systems or IloT.

3.4. Evaluating the model’s output on unseen data

Model evaluation is necessary to determine how accurately the
model reflects the system (Kim, 2017). Data is partitioned from the
model development data to evaluate the model at different stages
during its development. The model development data is parti-
tioned into training, validation and testing datasets (Bishop, 2006).
Training data is the data fitted to the model’s algorithm, whilst
validation data provides an evaluation of the model’s fit to the
training data and is used for tuning the algorithm’s hyperparam-
eters. A hyperparameter is an adjustable parameter that must be

either manually or automatically tuned in order to obtain a model
with optimal performance (Zeng and Luo, 2017). The testing data
is used to evaluate of the model’s fit on the model development
data. While this may be sufficient when modelling systems whose
boundaries are strongly defined, an additional evaluation will be
required for systems whose boundaries are loosely defined. This
will be likely for process manufacturers whose system may have
challenges from data availability (Section 3.1) or from high lev-
els of variability (Section 3.2). These systems will require addi-
tional evaluation using “unseen data”, which is additional data not
used during the development of a DDM. Unseen data is able to
better evaluate the model’s extrapolation capabilities beyond the
model development data (Panerati et al., 2019). If the accuracy of
the model does not meet the requirements defined by the manu-
facturer (see Section 2.2) the model must undergo redevelopment
either through optimisation of the algorithm’s architecture or the
collection of additional data (Keviczky and Banyasz, 2015).

Process manufacturers that face data availability and variability
challenges are more susceptible to overfitting and poor generalisa-
tion, as capturing these challenges increases the likelihood of that
the model will exploit relationships within the data that do not de-
scribe the manufacturing system. Evaluating the model on unseen
data is essential to avoid overfitting and ensure good generalisa-
tion, yet this stage has often been overlooked (Hamid et al., 2016).
Unseen data has two sources:

1. Partitioning model development data: split data into model
development data (training, validation and testing data) and
unseen data.

2. Experimental data: an experiment is performed to generate
unseen data that covers the range of the model boundaries. De-
sign of experiments can be used to ensure the parameter range
for the experiment is comprehensive.

Partitioning data is the most common approach (Liu and Co-
cea, 2017). The data partitioning can be performed randomly or by
using a fixed method. However the data is partitioned, the unseen
validation data must extend evenly to cover the boundaries of the
model. This is to ensure the model is able to both fit and predict
data through the manufacturing system. The unseen data should
also aim to go beyond the limits of the model. By using data be-
yond the model boundaries the modeller gains knowledge of the
model’s capability to fit and predict outside of the training data.
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Fig. 6. (A) Example of unseen data only evaluating one region of the model, (B) example of unseen data evaluating the whole of the model, and (C) evaluating the whole of
the model and the extrapolating capabilities of the model. Where blue dots are training data, red crosses are unseen data and blue box is the model boundaries.

An example of good and poor selection of unseen data is shown in
Fig. 6.

4. Opportunities arising from data-driven modelling of process
manufacturing environments

In an age where manufacturing is under pressure to reduce cost
and environmental impact, while maintaining product quality, the
utilisation of data-driven modelling is a promising tool for process
manufacturers. When the Aberdeen Group surveyed 223 global
manufacturing organisations, 47% believed they needed to become
more data-driven to remain competitive (Geiger, 2017). Four areas
have been identified as an opportunity for process manufacturers
to strengthen their manufacturing systems through the utilisation
of DDMs:

(1) Utilising data-driven models to improve process manufactur-
ing models;

(2) Enabling affordable characterisation of process streams;

(3) Ensuring greater process resilience;

(4) Evaluating waste valorisation potential.

4.1. Utilising data-driven models to improve process manufacturing
models

The application of DDMs to support and improve traditional
modelling tasks has been well established. Examples exist of their
use for design and planning, control and monitoring, optimisa-
tion and safety (Boukouvala et al., 2016; Krenczyk, 2012; Pan and
Hu, 2016; Wang et al.,, 2011). Furthermore, techniques are being
designed to integrate data-driven and first principal models into
a hybrid model structure (von Stosch et al., 2014). Within pro-
cess manufacturing hybrid models have been developed for vari-
ous application including chemical reactors (Azarpour et al., 2017),
polymerization processes (Fiedler and Schuppert, 2008), crystalli-
sation (Nicoletti et al., 2009), metallurgic processes (Hu et al.,
2011) and distillation columns (Caballero, 2015). Hybrid models are
built by combining the predictions of a first principle model and a
DDM into a single model. Hybrid models embrace the benefits of
both techniques and overcome the disadvantages of both models
(Azarpour et al., 2017). There are multiple methods by which the
models may cooperate (von Stosch et al., 2014):

o Proxy: one model acts as a surrogate for the other;

o Complement: the solution is a combination of the two models;
o Supplement: one model provides a correction for the other
model;

o Embedment: one model is embedded within the other model,
Integrate: the output of one model serves as an input for the
other model;

Inspiration: the structure of one model is developed from
knowledge provided by the other model.

Hybrid modelling is considered the state-of-the-art modelling
techniques to model complex manufacturing systems (Barbosa and
Azevedo, 2017). When compared to individual models, hybrid mod-
els tend to have a higher prediction accuracy, better calibration
properties, enhanced extrapolation capabilities and better inter-
pretability than DDMs (von Stosch et al., 2014). Process manufac-
turers that rely on existing first-principle models have an opportu-
nity to improve the models results and prediction accuracy by de-
veloping and integrating a DDM into the existing model. However,
manufacturers will face additional challenges in developing hybrid
models. Developing hybrid models requires knowledge about dif-
ferent modelling techniques and flexibility from modellers to find
a good fit between models (Barbosa and Azevedo, 2017). When de-
ciding whether the development of a hybrid model is justified over
a single model the manufacturer should considered if the model
goal and requirements demands a hybrid modelling approach. If
the model accuracy can be achieved through conventional single
modelling techniques then the additional time and expertise de-
manded by a hybrid model is unjustified.

4.2. Enabling affordable characterisation of process streams

One of the main benefits of DDMs is their ability to enable real-
time decisions by the collection of real-time manufacturing data
(Chaturvedi et al., 1993). However, process manufacturing’s feed-
stock, product and waste streams are not a set of specific discrete
components. Instead, they are a multi-component and/or multi-
phase matrix subject to inherent variation. Therefore, real-time on-
line characterisation is expensive and sometimes unfeasible. This
results in important process variables, like product quality, being
measured infrequently offline (Yan et al., 2017). Because of the in-
frequency in which these measurements are performed, continu-
ous direct monitoring of process streams’ composition is not pos-
sible (Sliskovic et al., 2011).
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Industrial processes are often described as data rich but in-
formation poor. There is often a large quantity of process data
from conventional measurements (pressure, temperature, flow rate,
etc.) but a lack of data on stream compositions. This is due to a
lack of suitable and affordable technologies capable of perform-
ing these measurements non-invasively, online and in real-time.
(Dong and Mcavoy, 1996). To overcome this, process manufactur-
ers rely on soft sensors, which are able to model data collected
from conventional measurements and used to predict key variables
(Kleinert et al., 2011). As more novel IloT technologies are intro-
duced, the variety of data available to train soft sensors shall ex-
pand. One such example is a multi-sensor system designed to op-
timise the Clean-In-Place (CIP) process, which utilises both visual
and ultrasonic data (Simeone et al., 2018, 2016). By utilising DDMs,
soft sensors are able to compute not only a wider range of data but
also unclean data (Qin, 2014). This will allow for the development
of cheaper sensors, as the requirement for high-quality data shall
decrease, instead being replaced by volume of data (Qin, 2014).
However, the data must always be representative of the system.

Being able to track the relevant composition and physical char-
acteristics of a process stream in real-time, will become even more
important to process manufacturers as regulations may change so
that manufacturers have more responsibility to record and share
data for compliance. Combating fraud in certain process manufac-
turing industries is an ongoing issue, with a particular focus on
the food and drinks sector (Manning and Soon, 2016). The intro-
duction of a greater number of affordable soft sensors would help
build trust across the supply chain and with consumers. If this is
to be successful, ensuring that these sensors are not susceptible to
malicious interference or corrupted with false data is paramount.

4.3. Ensuring greater process resilience

As with all suppliers, process manufacturers are required to
meet certain targets to be commercially successful and adhere to
regulations. Paramount amongst these, from a manufacturing pro-
cess viewpoint, is meeting minimum product specification (e.g.
yield and quality) (Gani, 2004). Ensuring consistency for these tar-
gets is challenging as process manufacturers are subjected to a
higher level of variability than other industries (Gani, 2004). For
example, in the biopharmaceutical industry yields can vary from
50% to 100% for no immediately discernible reason (Sadati et al.,
2018). In case study 2, the unexplained variation between batches,
shown in Fig. 3 (Section 3.2), results in disparities in the final al-
cohol concentration in the product. By taking observational data
(meaning data routinely collected by a manufacturing process)
and developing a DDM, the variables that are having a signifi-
cant effect on the industry yields can be identified and optimised
(Sadati et al., 2018). The advantage of using data-driven techniques
this way is that the DDM can intelligently identify significant vari-
ables responsible for the variability. This is achieved by using unsu-
pervised machine learning techniques for exploratory data analysis
to find hidden patterns or grouping in data (Bishop, 2006).

Although it is possible to model and limit the impact of some
variability within a processing plant (Sadati et al., 2018), a sub-
stantial challenge for process manufacturers is limiting the im-
pact of variables outside of an engineer’s control. Paramount of
these variables is the variability in the process’s feedstock (see
Section 3.2). This variability can have a significant impact on prod-
uct quality and yield. For example, the production of anti-malarial
drugs which is reliant on the active component artemisinin har-
vested from a plant called Artemisia annua (Pilkington et al.,, 2014).
The plant’s artemisinin concentration varies dependant on when
it is harvested during its lifecycle and the storage conditions
(Pilkington et al., 2014). By fitting historical harvesting, transporta-
tion and process data, a DDM would determine the optimal har-

vesting and storage point to maximise artemisinin recovery. The
model could also be used to predict the feedstock's potential to
produce artemisinin and whether to adjust the price for the sup-
plier as not all feedstock is created equally.

Variation in the feedstock is not the only concern for a pro-
cess manufacturer. The waste produced by process manufacturing
is equally variable, in regards to the volume produced, the con-
centration of valuable components and pollutants (Parlikar et al.,
2016). Governments and regulatory bodies around the world set
maximum limits on what manufacturers may emit to the environ-
ment (European Union, 2010). Manufacturers may choose to treat
their waste onsite, so it is within these limits, pay a third party
to handle their waste or partially treat their waste to reduce cost.
There is a cost involved with all options and this cost may fluc-
tuate with waste characteristics. Being able to predict and accom-
modate these variations ahead of time may mean measures can be
taken to reduce this cost. Process manufacturing waste is unique
from discrete manufacturing in that there exists the potential for
waste valorisation (Arancon et al., 2013). However, one of the bar-
riers to waste valorisation is the detrimental effect variation in the
waste has on the technologies in terms of performance. Case study
1 is an example of a waste valorisation technology that utilises a
DDM to increase the resilience of the bioprocess. By collecting a
set of training data over a 1-year period and fitting it to a model, it
was possible to capture the variability of the feedstock due to sea-
sons, changes in farm practices and inherent variation. The model
is able to identify which key feedstock characteristics variations
were detrimental to the bioprocess’s performance. The bioprocess’s
process conditions were also varied throughout the year, in order
to investigate their effect on performance. By combining and fitting
this data to a model, it was possible to predict how to optimise the
bioprocess conditions dependant on the incoming feedstock char-
acteristics.

4.4. Evaluating waste valorisation potential

Increased competition for access to critical resources is a ma-
jor concern for the manufacturing industry. In 2017, the EU ex-
panded its list of critical raw materials (CRM) to 27, defined as
materials considered to be of high importance to the EU econ-
omy and of high risk to their supply (European Commission, 2017).
Greater focus has been placed on developing solutions towards im-
plementing the circular economy into manufacturing (Lieder and
Rashid, 2016). The Waste and Resources Action Program charity of-
fers a clear definition of the circular model: “A circular economy is
an alternative to a traditional linear economy (make, use, dispose) in
which we keep resources in use for as long as possible, extract the
maximum value from them whilst in use, then recover and regenerate
products and materials at the end of each service life.” (Waste and
Resources Action Program, 2018). The circular economy is being
pursued by Governments, with Europe leading the way by imple-
menting the 2018 Circular Economy Action Plan to create a set of
measures to help manufacturers to adopt circular economy systems
(Springer and Schmitt, 2018). Encouraging manufacturers to stop
viewing waste as a waste but instead as co-product is an important
step towards this goal.

Process manufacturing generates a wide range of solid, lig-
uid and gas waste streams that have excellent potential for
waste valorisation within a circular economy. Waste valorisation
refers to industrial processing activities aimed at reusing, recy-
cling, or recovering useful products or sources of energy from
waste (Kabongo, 2013). There are currently three waste valorisation
strategies, geared towards (1) production of fuel and/or energy to
replace fossil fuels; (2) production and/or extraction of high-value
chemicals from residues; and (3) production of other useful mate-
rial(s) (Arancon et al., 2013).
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Process manufacturers have a variety of options when evaluat-
ing which waste valorisation route to take. Choosing which route
to take depends on a number of factors: composition, volume and
variability of the waste stream, capital and operational costs of
onsite treatment versus valorisation by third party, pre-treatment
costs, other waste being produced by nearby manufacturers, han-
dling and transportation costs. Due to the large number of fac-
tors involved, it can be time and cost-intensive for a manufac-
turer to employ someone to evaluate the most sustainable route.
There exists a number of Enterprise Resource Planning (ERP) pro-
grams, that use DDMs, capable of simulating the manufacturing
process to intelligently determine the most sustainable waste val-
orisation route (The Access Group, 2018). These platforms are avail-
able via the cloud and systems like IBM Watson IoT are capable
of integrating the manufacturer’s existing ERP programs into their
software (International Business Machines, 2016). However, while
these platforms are capable of planning the logistics and costs, it
has not been the focus to predict the performance of these dif-
ferent waste valorisation technologies at treating a waste stream.
There is a great opportunity to have models incorporated into the
process to take a holistic view, considering waste minimisation
and/or valorisation alongside the key product objectives.

5. Conclusion and further work

The use of DDMs is on the rise across manufacturing primarily
due to the following three points:

(1) There is an increasing amount of data generated in manu-
facturing as IloT technologies become more widespread.

(2) Manufacturers have easier access to the computational
power required to harness this data due to cloud comput-
ing enabling parallel processing.

(3) New machine learning techniques are enabling the utilisa-
tion of new sources of data, such as texts, image, audio,
video, log files.

Before attempting to develop a DDM there are certain points
the manufacturer must consider. The model’s goal must be clearly
defined and should aim to solve the manufacturing problem that
has been identified. The manufacturer should also consider what
is required from the model. Is it enough simply to fit the data,
or will the model be required to make predictions? Being able to
make predictions increases the model’s value but also its complex-
ity. The accuracy in which the model is required to perform these
functions should be defined by the product specification, regula-
tions, economic value and safety requirements.

Paramount to the success of DDMs is the generation/collection
of a representative set of data used to develop the model. This
data is split into model development data, used to train the model,
and unseen validation data to evaluate the prediction capability of
the model. Before generating/collecting this data the manufacturer
should consider what data is already available and if it is represen-
tative of the system. Challenges arise when ensuring a representa-
tive data set is used for model development. Process manufactur-
ers face unique challenges regarding this point because of the lim-
ited availability and variability of industrial data. Even when data
is available, knowing if it representative of the system and rele-
vant to the model can be challenging. Furthermore, the boundaries
of a process manufacturing system are hard to classify. The dif-
ficulty occurs in knowing when enough data has been collected
to be representative of the whole system. Once a manufacturer is
able to overcome the considerations and challenges involved when
modelling a process manufacturing system, DDMs will allow the
process manufacturers to:

(1) Improve process manufacturing models: By integrating
DDMs with existing first-principle process manufacturing

models into a hybrid model, which have been demonstrated
to have greater prediction accuracy and extrapolation capa-
bilities.

(2) Characterise process streams: Through the development of
soft sensors that utilise recent advances in machine learning
able to utilise cheaper, unclean data. This will allow process
manufacturers to develop a deeper understanding of their
processes, providing optimisation opportunities in a cost-
effective manner.

Enhance process resilience: By fitting data to the DDM,

manufacturers are able to make accurate predictions on the

effect, variability across the system, has on their process and
take measures to optimise them.

(4) Evaluate waste valorisation routes: Existing DDMs may be
used as a tool to evaluate new waste streams compatibility
with an existing waste valorisation technology. Alternatively,
use DDMs as a tool for manufacturers to see which technol-
ogy is the most sustainable option for their waste.
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