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Abstract
This paper investigates the appropriateness of machine learning (ML) and other techniques for modeling manufacturing
processes energy consumption by developing a comparison methodology. Three research questions are posed: Firstly, how do
prediction errors compare using different techniques with varying complexity and ML use? Secondly, how does performance
varywith different amounts of data? Thirdly, how do different techniques compare in terms of required expertise, effort to build
and interpretability of results? To answer these questions, the authors develop a structured approach, which is also envisioned
to be useable by practicing engineers and manufacturers. Four modeling categories are defined, ranging from simple non-ML
methods, such as linear regression, to complex ML methods, such as deep neural networks. The approach is evaluated using
data from a compound feed manufacturing process. The results confirm the notion that non-ML models are better suited to
understand and model manufacturing processes when few parameters are present, due to their high interpretability, while ML
models are recommended for analyzing processes with many potentially relevant and interrelated parameters. Interestingly
the approach finds that the complex ML category model does not outperform the simple ML category model in terms of
prediction accuracy, and only has the drawback of requiring more expertise to build and having lower interpretability. The
study concludes that the decision to use complex ML for modeling manufacturing process energy consumption should be
critically questioned and that a simpler approach may be better suited, suggesting that the developed methodology would be
of value to practicing engineers.

Keywords Manufacturing · Modeling · Data-driven sustainability · Energy efficiency · Resource efficiency · Machine
learning · Optimization

Introduction

Motivation and objective

Machine learning (ML) is a powerful tool for identifying
hidden energy savings potentials in manufacturing processes
(Jamwal et al., 2021). Since the manufacturing sector is
responsible for over a third of global energy consumption,
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approaches for improving energy efficiency of manufactur-
ing processes are greatly needed (IEA, 2020). The need for
industry to reduce its carbon footprint is omnipresent in both
academia and business, and is only growing in importance
every year. The parallel growing adoption and capability of
ML, logically raises the opportunity to bring these two topics
together, and the need to do this systematically. The strength
of ML lies in analyzing processes with many potentially
relevant and interrelated parameters, and in providing rec-
ommendations or predictions on the outcome (e.g. energy
consumption, resource consumption, product quality fea-
tures, etc.) of the process. Thus, ML is especially well suited
to model manufacturing processes and systems, to then opti-
mize the operating parameters or the input materials with
the objective of reducing energy consumption (Ekwaro-Osire
et al., 2022; Samadiani et al., 2024; Surindra et al., 2024;
Waltersmann et al., 2021). While ML models have proven to
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be valuable in recent years, they require more rare expertise
than some non-ML modeling approaches. Similarly among
the many different ML models, the amount of complexity
and required expertise varies significantly (Engbers & Fre-
itag, 2024). Additionally, ML models are typically “black
box”, meaning it cannot be explained how themodel resulted
in specific prediction. Non-ML modeling methods, such as
simulations or simple linear regressions can counter some
of these disadvantages of ML methods, by typically having
greater interpretability and requiring less expertise to build.
Non-ML approaches differ fromML approaches in that they
can be better suited when the main objective of the analy-
sis is to mathematically represent the underlying physical
phenomena of a process, or when processes with limited
parameters are to be analyzed (whereas anMLmodel “only”
provides a model for the relationship between process inputs
and outputs, without providing a mathematical representa-
tion of inner workings of this relationship). The last decade
has seen a significant increase in the application of ML in
manufacturing industry, as demonstrated in a recent survey
byGoogle Cloudwhere two thirds of manufacturers reported
using AI in their regular operations and the mean share of IT
spendonAIof all surveyed companieswas over 30%(Google
Cloud, 2021). The uptake of interest in AI and ML can also
be seen in academia, where AI topics were present in 10% to
as much as 25% of all manufacturing publications in recent
years, as found in a study by the EuropeanCommission, Joint
Research Centre (2022). The advantages and powerful capa-
bilities of ML justify its popularity; however, this does not
mean the applicability of ML should not be critically ques-
tioned, since there is often a trade-off of interpretability and
dependence on ML experts when employing this technol-
ogy. The step of investigating whether ML really is the most
appropriate method for a given task is rarely carried out in
academic research. Although the suitability of ML vs. non-
ML methods have been compared for generic data scenarios
as well as some manufacturing scenarios, this differentia-
tion in the context of improving manufacturing energy and
resource efficiency is poorly understood (Bzdok et al., 2018;
Lago et al., 2018; Makridakis et al., 2018).

Thus, to summarize, the core problem this paper inves-
tigates is the difficulty to determine when to use ML, or
different types of ML, for manufacturing energy consump-
tion modeling. The objective of this paper is to develop
a methodology to answer the following research questions
resulting from the problem statement:

(1) How do the prediction errors of different manufactur-
ing energy consumption modeling techniques compare
when varying the model complexity and use of ML?

(2) How do the performances of different manufactur-
ing energy consumption modeling techniques compare

when different amounts of data are used to train the
models?

(3) How do the different manufacturing energy consump-
tion modeling techniques compare in terms of required
expertise and effort to build the model, as well as in
terms of interpretability of the results?

The questions will be investigated using a comparison
method developed by the authors, applied to an evaluation
scenario of data from a compound feed manufacturing pro-
cess. The originality of this work lies in the methodology the
authors develop,which allows for systematic identification of
an appropriate modeling technique and data amount to select
for a given manufacturing process. The methodology poses
a valuable contribution in the field of industrial engineering,
in that it provides guidance on the proper application of ML,
to practitioners wanting to model the energy consumption
of a process; where significant data science and modeling
expertise is currently needed to discern the best approach,
the proposed methodology can be applied by those with less
experience, in order to obtain an indication on the data and
model type best suited for their case. An additional unique
aspect of the method is that unlike existing approaches, this
one is designed to be applicable across different manufactur-
ing domains and processes, as will be shown in the following
chapters.

Theoretical background and existing literature

In this section the authors summarize the fundamental con-
cepts of modeling for manufacturing energy efficiency. Next
a classification ofmodeling approaches ideally suited for this
comparative study is proposed. The approach is derived from
existing classifications, a selection of which arementioned in
this publication. Finally selected studies that have compared
ML and non-ML modeling approaches are presented. An
extensive systematic literature review was conducted around
this topic, resulting in 60+ papers, however, since this article
is not a review paper, only selected referenced and findings
from the full literature review are presented.

Modeling for manufacturing energy efficiency

The purpose of employing modeling to improve manufac-
turing energy efficiency is to predict how parameters of the
system affect the energy consumption of the system. In this
context, the system can be an entire manufacturing plant, a
process or a single machine. This is done by creating a model
of the relation among system parameters (such as machine
settings, process settings and input material characteristics)
and the energy consumption. Further other output charac-
teristics which are constrained, such as product quality and
production time, are typically also included.Variousmethods
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can be used to create such a model. Mathematical regression
models can be calculated, including: statistical regressions
such as linear or polynomial, classical ML regressions such
as decision tree, support vector machine (SVM), XGBoost
or deep ML models such as convolutional neural networks
(CNN) or long short-term memory networks (LSTM). For
examples of some of these approaches see Alvela Nieto et al.
or Zhang and Ji (Alvela Nieto et al., 2019; Zhang& Ji, 2020).
Fuzzy logic can be used to build a representation of the man-
ufacturing system, as demonstrated by Lau et al. ( 2008).
Or, a simulation of the system can be created, as evaluated
by Thiede and Dietmair and Verl (Dietmair & Verl, 2009;
Thiede, 2012). In this paper the authors propose a categoriza-
tion of the various modeling methods available, presented in
the next section.Once amodel of the systemhas been created,
this model is used to predict how changes in system param-
eters will influence energy consumption. This can provide
insights on opportunities to improve energy efficiency.

A final step that is often done is to use themodel in an opti-
mization algorithm to find a process parameter combination,
given certain constraints, which results in the lowest possi-
ble energy consumption.Weichert et al. list several examples
of such approaches in their literature review of ML for the
optimization of production processes (Weichert et al., 2019).
For suchmulti-objective optimization problems genetic algo-
rithms are widely used (Zolpakar et al., 2021). For sake of
completion, such an optimization will be demonstrated at the
end of this paper, though not elaborated upon in detail.

Modeling categories

As seen in "Modeling for manufacturing energy efficiency"
section, there are a variety of modeling approaches avail-
able. For the comparative investigation planned for this study,
the authors require a categorization with the following char-
acteristics: should differentiate between ML and non-ML
approaches, should differentiate based on model complex-
ity as well as effort to implement and should be applicable
tomanufacturing energy consumptionmodeling. The authors
found several existing categorization ofmodeling approaches
that fulfill some of their requirements, but did not find a clas-
sification that was fully appropriate for the planned analysis.
Many papers on manufacturing energy consumption model-
ing mention that modeling approaches can be divided into
two broad categories: the category called model-based or
“white-box”, in which models are created using formulas
or simulations of the physical processes underlying the sys-
tem, and the category called empirical data-based, in which
models are created using statistics or ML on data collected
from the manufacturing system (Abdoune et al., 2023; Ljung
& Glad, 2016). Some papers which focus only on machine
tool energy consumption modeling also mention a third cat-
egory called state-based modeling which uses the different

operational states (e.g. ramp-up, processing, idle, etc.) of a
machine tool to predict the energy consumption (Abdoune
et al., 2023; Li et al., 2022).

Occasionally sub-categories are provided, though these
are typically focused only onMLor lack differentiation based
on model complexity. For example Máša et al. categorize
different levels of mathematical models used for manufac-
turing energy saving measures, with recommendations for
applications of each (Máša et al., 2018). The classifications
are based partially on complexity, however focus on mod-
eling analyses and use cases when the entire system is to
be modeled. The 5-level pyramid they define contains basic
balance models at level 1, regression and balance models of
system components at level 2 (using ML algorithms such
as artificial neural networks, as well as regression models
using ordinary least squares), static simulation models of
the entire manufacturing system at level 3, dynamic (lin-
ear) mathematical models for system components at level 4
and model optimization at level 5. Levels 1, 2 and 3 were
incorporated by the authors of this study, however, more dif-
ferentiation was needed within level two since complexity
can vary significantly among different ML models. Studies
found by the authors, which differentiateMLmodels do so at
a very high granularity, and typically do not explicitly differ-
entiate based on model complexity. For example Lago et al.
compare a variety of statistical models including ones with
and without regressors, and a large selection of ML mod-
els including, neural networks, support vector regressors and
ensemble models, totaling 27 different models. Though the
groupings of models used by Lago et al. provide a starting
point for defining different categories of models, the high
number of categories and lack of differentiation based on
complexity and implementation effort make it inappropriate
for the comparison planned for this study (Lago et al., 2018).
In their literature review, Renna and Materi provided a thor-
ough overview of the mathematical methods used to improve
energy efficiency in manufacturing systems, grouping anal-
ysis into the categories of exact numerical, approximation
strategies, heuristics/meta heuristics, experimental and real
time data analysis and simulation (Renna & Materi, 2021).
This classification, though thorough, does not provide a basis
for comparing complexity and effort required for the different
categories.

Thus, the authors of this paper created a categorization
based on adaptations from published approaches, as well as
their own experience and thinking, as will be presented in
"Method" section.

Existing comparative studies

Whilemultiplemanufacturing studies exist inwhichdifferent
ML approaches are compared, the authors found no manu-
facturing studies comparing ML and non-ML approaches.
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However, some papers from other disciplines were found
which do such a comparison. A selection is presented in this
section.

Bzdok et al. come from the field of biology and compared
a statistical approach (differential expression analysis) and a
ML approach (random forest) by attempting to identify cer-
tain genes in a given RNA sequence (Bzdok et al., 2018).
They ran the analysis with both methods and then compared
which identified more genes correctly over the course of
1000 simulations. They found that the statistical approach
performed almost as well as the ML approach. They con-
cluded that this was part due to the pre-existing knowledge
they had which helped them design a good statistical model,
and in other part due to the relatively small number of features
in the data set. They predicted that the difference in perfor-
mance would be greater if the data set were more complex
and they did not have the preexisting knowledge.

Lago et al. did a similar comparison in the field of energy
and economics, by forecasting spot electricity prices (Lago
et al., 2018). They compared a variety of statistical models
including oneswith andwithout regressors, and a large selec-
tion ofMLmodels including, neural networks, support vector
regressors and ensemble models. As mentioned in "Model-
ing categories" section, in total the detailed study compared
27 models and found that the ML models mostly performed
better. The study presented in this paper will focus less on
comparing such a wide range of specific models, but rather
will aim to comparemodels of different classes of implemen-
tation complexity, to quantify the trade-off in performance
and effort. The groupings of models used by Lago et al. how-
ever present a starting point for defining the aforementioned
classes of complexity.

Makridakis et al. also did a comparison of forecasting
ability, but applied to the M3 forecasting competition data
set, which contains time series from five domains of demo-
graphics, micro- and macroeconomics, industry and finance
(Makridakis et al., 2018). They tested eight popular families
of ML models and eight traditional statistical ones. Inter-
estingly they found that the statistical models performed
significantly better than the ML models, while also being
computationally less complex. It should be noted that one
reason they give is that the ML models might have been
over-fitted, which is arguably an issue that could be reduced
with further feature engineering. They also raise the con-
sideration that the data set has relatively few features (only
6), and thus may be “too simple” for ML. This is some-
thing the authors of the study presented in this paper plan to
investigate. Makridakis et al. end with a call to researchers
to do more empirical testing of ML forecasting methods,
rather than only publishing studies in which ML forecasts
are claimed to be satisfactory without comparing to simple
statistical methods or benchmarks. Though not confined to

forecasting, this paper aims to answer precisely this call to
action.

It should be noted that the studies listed in this section
only categorize ML models as supervised or unsupervised.

Materials andmethods

Method

The authors havedeveloped a structured approach to compare
the effectiveness of manufacturing process energy consump-
tionmodeling techniques of different complexity levels, with
and without ML. The approach consists of three dimensions,
outlined as following:

Method dimension 1: model dimension

Different types of ML and non-ML modeling techniques of
varying degrees of complexity are compared (see blue text in
Fig. 1). Since as discussed in "Modeling categories" section
existingmodeling classifications are not ideal for the planned
comparative analysis in this paper, the authors define four
modeling categories, adapted from different classifications
in literature.

The categorization contains four general categories of
models, with the purpose of creating a collectively exhaus-
tive categorization that will allow for systematic comparison
of different approaches. Such a categorization is important
as it will allow for a systematic comparison of modeling
approaches, within the application of manufacturing energy
efficiency, based onmodel complexity and use ofML.Table 1
summarizes the categorization. The authors adopted the com-
mon two high level classifications typically seen in literature
in "Modeling categories" section, “model-based” and “em-
pirical”, into their classification. “Model-based” was used
largely used to define the category called “Complex Non-
ML” and various approaches within the “empirical” family
were divided among the other three categories of the authors’
classification.

Each category is further defined in the following text:

Model category: simplenon-ML Literature contains various,
partially conflicting definitions of when a regression algo-
rithm is considered to be a ML algorithm and when it is not.
This ambiguity prompts the need to establish a working def-
inition to avoid any potential confusion. Thus, in the context
of this paper, linear regression, also known as ordinary least
squares, is categorized as the primary non-ML regression
algorithm. This is because it involves fitting data to a straight
line and does not inherently involve “learning”. Other mod-
eling approaches that are considered non-ML in this thesis
are not algorithms that fit models to data, unlike all the other
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Fig. 1 Concept diagram of the model comparison approach to be used to answer the research questions (Color figure online)

Table 1 Categorization of modeling analyses, ranging in complexity and methodology, for improving energy efficiency of manufacturing systems

Simple Non-ML Complex Non-ML Simple ML Complex ML

Definition Linear regression Traditional manual
modeling approaches that
do not require ML

Classical ML models without
hyperparameter tuning

Advanced/modern models
with extensive
hyperparameter tuning

Example
analyses

• Ordinary least squares
linear regression

• Mechanistic process or
system simulation

• Fuzzy logic modeling

• Physics-based model of
the system

• Decision tree

• Random forest

• XGBoost

• SVM

• Deep learning models
(multilayer perceptron,
convolutional NN,
recurrent NN, LSTM)

• Reinforcement learning
models

Selected
properties

High interpretability and
explainability; i.e.
“white-box”

High interpretability and
explainability; i.e.
“white-box”

Some interpretability and
explainability; i.e.
“grey-box”

Almost no interpretability
and explainability; i.e.
“black-box”

Can be carried out in no/low
code environments

Can sometimes be carried
out in no/low code
environments

Can be carried out in no/low
code environments

Cannot be effectively
carried out in no/low
code environments

Requires less time to build
than complex non-ML and
ML

Typically require most time
to build out of all
categories

Requires less time to build
than complex non-ML and
ML

Requires more time to
build than simple
non-ML and ML

Less data science expertise
needed

Little to no data science
expertise needed, but high
expertise in physics or
simulation tools needed

Some data science expertise
needed

Most data science
expertise needed
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three categories in Table 1. Rather, they are manual model-
ing approaches that are createdwithout the use of algorithmic
methods. See model category “Complex Non-ML”. The def-
inition of linear regression as utilized in this thesis can be
found in the textbook of Hope, who notably also does not
clearly state whether linear regression is ML or not. Lin-
ear regression is one of the simplest and most widely used
method for assessing the relationships between continuous
predictor and response variables (Hope, 2019). Its popularity
can be attributed to its high interpretability and straightfor-
ward implementation.

Model category: complex non-ML Models in this category
do not employ ML, but still demand a high level of exper-
tise in the manufacturing system being modeled, as well as a
deep understanding of complex modeling approaches. When
it comes tomodelingmanufacturing systems and their energy
efficiency without ML or linear regression, three modeling
techniques are frequently employed. These techniques are
mechanistic process or system simulation, fuzzy logic mod-
eling, and physics-basedmodeling. It is important to note that
all three of these modeling methods require customization
and adaptation to suit the specific characteristics and require-
ments of the system being modeled. This customization is
necessary to ensure that the resulting models accurately rep-
resent the intricacies of the given system.

At this point the authors provide justification for why the
modeling category “Complex Non-ML” is omitted from the
comparison methodology. Regarding simulations, as Thiede
highlights, there are few to no commercial simulation tools
that are designed to simulate energy consumptions through-
out a given manufacturing process. This would mean the
authors would have to find a very specific software or
develop one themselves, as Thiede did (2012). On top of
this, a thorough simulation can be expected to cost signif-
icant time and resources to create (Banks, 2010; Chung,
2004). As Mourtzis et al. found in their literature review
of simulations in manufacturing, most commercial software
are designed for specific manufacturing processes, meaning
different software would potentially need to be used when
modeling different manufacturing processes, as the authors
intend to do (Mourtzis et al., 2014). Physics-based mod-
els are suited for low-uncertainty low-complexity systems,
rather than high-uncertainty high-complexity systems such
as manufacturing processes with multiple steps (Wang et al.,
2022). A physics-based model which does not account for
all physical dynamics in a system will likely be inaccu-
rate (Erge & van Oort, 2022). Most examples of studies
in which physics-based models are created for improving
manufacturing energy efficiency, a model is made only for a
single process step, e.g. a cutting, rotating, or thermal pro-
cess step, and is used to fine-tune the process step (Avram &
Xirouchakis, 2011; Cubillo et al., 2016; Imani Asrai et al.,

2018; Osara, 2019). Expanding the scope of such a model,
would require deriving and adding equations for multiple
physical phenomena, as well as interactions among these.
The resulting increase in complexity of the systemmost often
then cannot be modeled with physics equations, or requires
extensive computational resources, not tomentionmuch time
and expertise to derive. Moreover, integrating the stochas-
tic nature of a machining process, such as tool wear, into
physics-based models poses a significant challenge (Sealy
et al., 2016). Rather physics and data-driven hybrid models
are sometimes used (Wang et al., 2022). Referring to the clas-
sification proposed in this paper, such an approach would be
a combination of “Complex Non-ML” with “Simple ML” or
“Complex ML”, although the authors will not consider cate-
gory combinations. Fuzzy logic modeling quickly becomes
very time consuming, when more parameters are added to
the model. Lau et al. demonstrated a fuzzy logic approach
to forecast overall energy consumption of a clothing produc-
tion factory, and included only three parameters (daily total
mass of finished products, total labor hours of operators in
the plant in one day and the total running time of equip-
ment) (Lau et al., 2008). When applied in the context of
manufacturing, fuzzy logic can only practically be applied
to consider the overall manufacturing system, rather than
individual energy consuming process steps, as Thiede states
(2012). The above-mentioned limitations led the authors to
conclude that the “Complex Non-ML” modeling approaches
(simulation, physics-based and fuzzy logic) are not well
suited for this comparative study and will thus be excluded.

Model category: simple ML ML models in this category
consist of all those which do not rely on neural architectures
or layers. They encompass a range of classical ML meth-
ods, including SupportVectorMachines, StochasticGradient
Descent, Nearest Neighbors, Naive Bayes, Decision Trees
and ensemble methods like Gradient Boosting and Random
Forests. These algorithms arewidely accessible through pop-
ularML libraries such as scikit-learn (Pedregosa et al., 2011).
One notable advantage is their applicability even when one
has limited prior knowledge in ML. They can be effectively
utilized, especially when employing no/low code solutions
like RapidMiner and KNIME, making them accessible to a
broader audience for various applications (Berthold et al.,
2007; Mierswa & Ralf, 2023).

Model category: complex ML Deep learning (DL), which
haswitnessed a surge in popularity, stands out as a fundamen-
tal departure from classical learning methods and serves as
the differentiator in this classification system. It is character-
ized as complex due to the black-box nature of its algorithms,
as opposed to classical ML models, which offer some
interpretability when using methods such as feature impor-
tance analysis, recursive feature elimination and decision
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tree visualization to name some interpretability techniques.
Effectively applyingDLalgorithmsnecessitates at least some
grasp of the algorithm’s hyperparameters and architecture.
Moreover, proper development of a DL algorithm typically
requires significantly more time than development of a clas-
sical ML algorithm. Building a robust model often requires
multiple iterations. While AutoML has streamlined some
aspects, it has not yet made DL as quick and straightforward
to apply as classical ML algorithms.

At this point a note should be made on DL and its applica-
tion on non-tabular data, such as image, text and sound. DL
has found widespread acclaim in these applications, where it
consistently outperforms classical ML methods. However,
it is important to clarify that this study does not directly
consider image, text or sound recognition applications for
manufacturing process modeling. Instead, these applications
may be employed to contribute additional tabular data points.
For instance, an image recognition algorithm may assess
product quality and provide results such as “good quality”
or “poor quality” for a given product batch or timestamp,
which is can then be integrated into a data table containing
other process measurements. This table is subsequently used
to train a model of the manufacturing system. Thus, in this
study, DL is applied only to tabular data, which is an appli-
cation area where the superiority of DL over classical ML
is not self-evident and has not been extensively explored in
previous research.

For the “Complex ML” category two common types of
neural networks are primarily considered: multilayer percep-
tron (MLP) and convolutional neural network (CNN), both
taken from the Keras Python library (Chollet, 2015). See the-
oretical background chapter for details on the algorithms.The
hyperparameters of the CNNmodels will be tuned manually
by trial and error for each dataset, using TensorBoard, while
the hyperparameters of the MLP models will be tuned using
a large grid search including the following hyperparameters:
batch size, epochs, dropout rate, number of layers, number
of nodes between layers and optimizer.

Method dimension 2: use case dimension

The specific objective of each analysis will depend on the
use case, i.e. application scenario, under consideration. The
methodology presented in this study is intended to be used
on use case in which the goal is to model a manufacturing
system in order to understand the relation between the sys-
tem parameters and the energy consumption. The motivation
for modeling in these use cases is typically to use the model
to identify parameter changes that could improve the energy
efficiency (see red text in Fig. 1). The authors chose to limit
the analyses to modeling techniques in order to allow for
a direct quantitative comparison of the different analyses,
namely the prediction error. This provides a basis on which

analysis can be compared. The long-term plan of the authors
is to do these comparisons for various manufacturing energy
use cases, in order to gain insights on which analyses are
suited for which use cases. The methodology can be applied
to anymanufacturing domain inwhichmanufacturing system
parameters can be used to predict energy consumption and
other relevant system outputs. Examples of energy intensive
use cases the authors are working on, in addition to the one
which will be presented in this paper, include: water extrac-
tion during gelatin production, car body drying in automobile
manufacturing andwastematerial balling in the plastics recy-
cling industry. This paperwill present the result of themethod
applied to one use case. Future workwill summarize the find-
ings from multiple use cases.

Method dimension 3: data dimension

A deciding factor for data-driven sustainable manufacturing
is having a good data basis. However, the amount of data,
both in terms of number of features and amount of data sam-
ples needed is often unknown and answered with “the more
the better”. The authors do not plan to answer this question
with a definitive number, but aim to gain insights to differen-
tiate the relative required data amounts across the modeling
categories. To investigate how well different analyses work
with different amounts of data, the data amount per use case
will be varied in two ways: varying the number of features
and varying the amount of data samples.

Firstly, the number of features, i.e. columns of data, will
be systematically varied by once using a selection of 3, 10
and finally all features. The total number of features varies
depending on the use case, but is typically approximately
30 to 60, based on past modeling the authors have done
and examples from literature. The subsets are selected using
recursive feature elimination (RFE). RFE is a ML feature
selection/reduction algorithmwhich attempts to find themost
influential features by starting with all features in the training
dataset and systematically eliminating them until the speci-
fied number is reached (Kuhn & Johnson, 2016). It is known
as a “wrapper” selection method because it involves training
aMLmodel for every possible combination of features. To do
this, the RFE algorithm takes a specified ML algorithm and
iteratively removes and replaces each feature in the model,
checking the change in prediction error each time. Features
are then ranked by greatest reduction in prediction error. The
least important feature is discarded and the model is refitted
with the remaining features. This cycle is repeated until the
specified number of features remain. The RFE class from the
scikit-learn package is used in this study (Pedregosa et al.,
2011). The authors choose RFE to select the feature subsets
since it is an objective and robust selection method. Super-
vised feature selection can be done with either wrapper, filter
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or embedded methods. Filter methods use statistical tech-
niques to score the importance of each feature to the target.
Embedded methods are built-in feature importance methods
of certain ML algorithms, and can be retrieved after a model
is calculated. Certain filter methods such as Spearman’s rank
coefficient, could technically have been used, but would be
less suited for this study since most filter methods are not
intended to be used to select a specific number of features
or are complex to implement for multivariate (multiple tar-
gets) regression models. Intrinsic/embedded methods were
not used since they are only available for certain ML algo-
rithms. An unsupervised feature selection method, which
disregards the target variable, was not chosen because the
target variables are specified for all modeling scenarios con-
sidered in this study. For more details on feature selection
see Kuhn and Johnson (2016). Not only will this provide
insight on the relation between number of features andmodel
performance, but it may also reveal whether certain model
categories perform better or worse withmore or less features.
In the context of modeling manufacturing process energy
consumption, feature selection can also reveal which fea-
tures have the most impact on the energy consumption of an
analyzed process.

Secondly, learning curves will be used to compare the
changes in model accuracy for different amounts of data
samples, i.e. rows of data, from 10 to 100% of all available
data. Learning curves consist of lines showing the training
and validation errors of a model, for different amounts of
training data. Analyzing these curves can provide various
insights such as whether a model is overfitting or under fit-
ting, whethermore parametersmay improve the performance
or whether more training data could improve the perfor-
mance. The authors will aim to have at least 6 months’ worth
of recorded data for each use case. The sampling rate will
vary depending on the manufacturing system under investi-
gation, so the absolute amount of data samples will also vary.
The authors will decide on how to address this once multi-
ple use cases have been investigated. Varying the amount of
data samples will provide insights for the given use case on
how much training data is needed for the different modeling
approaches to obtain a given model (see green text in Fig. 1).

Calculation of prediction error comparison

The metric used for comparing the prediction error is the
mean absolute error (MAE). Note that the term “accuracy” is
purposely avoided since in the context of prediction, accuracy
is the rate of correct predictions, which is relevant for clas-
sification problems, rather than regression problems, where
the amount by which a prediction errs from the correct value
is of interest. MAE is chosen because, after normalizing all
data from zero to one, it allows for interpretation of theMAE
as a percentage of the predicted data, which is more intuitive

to interpret; e.g. a manufacturer can better estimate what an
acceptable percentage deviation in energy consumption of
their process is, than an acceptable root squared error. The
coefficient of determination (R2) and rootmean squared error
(RMSE) however could also easily be calculated during exe-
cution of the methodology. Rather than simply stating that
the error of onemodel is greater than that of the other, the dif-
ference in performance will be compared within the context
of the labels. This is an important distinction to make when
consideringmore than only the error of prediction models. In
this study, the complexity of the models is also considered,
so if for example, the error of a “Complex ML” model is
not noteworthily lower than that of a “Simple ML” model,
the conclusion could be made that the added complexity pro-
vides no prediction advantage and is only less interpretable
and more cumbersome to create. Model prediction compar-
isons in all previous literature that the authors encountered
either only check which model has a lower prediction error,
or only test whether the difference in model performance
is statistically significant by using the modified paired Stu-
dent’s test (aka t-test) combined with 2 × 5 cross validation,
as proposed by (Dietterich, 1998). The Akaike and Bayesian
InformationCriterions have this same limitation, though they
take the number of model parameters (i.e. features) into con-
sideration. These approaches do not provide information on
whether the prediction error difference in twomodels is large
enough towarrant using onemodel over the other, rather only
whether the difference is statistically significant. The authors
of this paper use the logical assumption that the more the val-
ues to be predicted by the models vary, the less noteworthy
a given difference in prediction error between to models is.
Accordingly, in the so-called noteworthiness test presented
in this paper the difference in MAE between models will
be compared to the average standard deviation of the values
being predicted (i.e. the labels). Note that the authors con-
sciously avoid using the term “significant” since this has a
specific meaning in the context of statistics; thus they use
the term “noteworthy”. The average of the standard devia-
tion of all the labels is taken, since the labels vary among
use cases; e.g. for one use case, electricity consumption and
a quality measurement could be used as labels, while for
another use case gas consumption and temperature could be
used as labels. Arguably, the analysis could be made more
accurate by giving different weights to the standard devia-
tions of different classes of labels, e.g. energy-related labels
are weighed more than quality-related labels, however, this
would require individual evaluation of each use case, and
would be difficult to implement in an objectivemanner. Thus,
the averaging approach was chosen by the authors, to ensure
the methodology can be applied consistently across different
manufacturing energy scenarios. When the data is initially
normalized to a range of 0 to 1, the average standard devi-
ation and MAE are unit-less and can be divided by each
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other to obtain a percentage. When the difference in MAE
is above a threshold of 5% (defined by the authors) of the
average standard deviation, it is considered noteworthy. 5%
is selected since this is also the commonly chosen thresh-
old value, α, for a t-test. A user of the methodology could
however select any threshold value deemed appropriate. The
noteworthiness test can be summarized as follows:

Assuming all data is initially normalized,
First calculate standard deviation σlabel n , of each label n:

σlabel n �
√∑I

i�1 (yi , n − μn)2

In
,

where

I � total number of data instances of the label n yi , n

� value of each instance of label n μn

� mean value of label n.

Then calculate the average standard deviation of all labels
σlabels :

σlabels �
∑N

n�1 σlabel n

N
,

where

N � total number of labels.

Then calculate the absolute difference in MAE of two
models being compared. Ensuring that the data the models
were trained and tested on is the same data used to calculate
the standard deviations.

|�MAE | � |MAEmodel A − MAEmodel B |.

Then calculate what fraction of the average label standard
deviation the difference inMAE is, and whether this is above
the threshold value T :

|�MAE | is considered . . .

{
not noteworthy, i f |�MAE |

σlabels
< T ,

noteworthy, i f |�MAE |
σlabels

≥ T ,

Cumulatively the methodology described in "Method"
section is expected to provide an empirical basis for answer-
ing the three research questions presented in this paper, and
is summarized graphically in Fig. 1.

Evaluation use case

In this section the scenario fromwhich datawas taken to eval-
uate the methodology is described. The data was collected

over the course of the KIPro project (03ET1265A). The com-
pany for the scenario is a compound feed manufacturer, who
produces feed for livestock. For an extensive explanation of
the compound feed manufacturing process see Kersten et al.
(2010). The company produces dozens of feed types, each
with different recipes. Multiple processes with many param-
eters are involved to transform the raw input materials into
finished feed. The process that this study investigatedwas the
pelleting process. See Fig. 2. Here a mixed mass of flour and
other ingredients is heated with steam and pressed through
a matrix to bring the product into its final form as pellets,
for easier transportation, storage and feeding. The pelleting
process is one of the most energy consuming processes of
feed manufacturing since heated steam is needed, as well as
electrical energy for moving the press.

Sensors throughout the pelleting process provide rich data.
The data set used for the evaluation consists of approx. 1100
data samples from the pelleting process, each representing
one production batch. The data set consists of 67 features
(input ingredients and process parameters) and 4 labels (max-
imum machine utilization, electricity consumption, steam
consumption and production duration). The model with fea-
tures and labels is illustrated in Fig. 3. The objective of the
analysis in this scenario was to model the relation between
energy consumption relevant metrics and production param-
eters, in order to:

(1) Better understand the effect certain production parame-
ters have on energy consumption.

(2) Be able to perform an optimization, to minimize energy
consumption while avoiding overutilization of the press
machine.

Overview of the analysis conducted

This section details what models were created for each cat-
egory, and how the data basis was varied. As justified in
"Method" section, the category “Complex Non-ML” was
omitted from the methodology due to lack of applicability.

For the “Simple Non-ML” category, an ordinary least
squares linear regression taken from the scikit-learn Python
library was used (Pedregosa et al., 2011). For the “Simple
ML” analysis the common classical ML algorithms deci-
sion tree regression, random forest regression and XGBoost
regression were compared. Default configuration from the
scikit-learn package were used. No hyperparameter tuning
was done, and themodels were directly fitted to training data.
The XGBoost regression consistently resulted in the lowest
prediction error and was thus selected as the model to use
for this category. For the “Complex ML” category a multi-
layer perceptron (MLP)model from the Keras Python library
was used (Chollet, 2015). The hyperparameters of the model
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Fig. 2 Images of the press machine modeled in this study. The machine
is used in the pelleting process of compound feed production. a Shows
the complete pressmachine, and b the innermatrixwhere the compound

feedmixture is being pressed through, in the form of dried pellets. Aust-
ing Mischfutterwerk GmbH

Fig. 3 Conceptual representation
of the model built, including
inputs and outputs

were tuned manually by trial and error, using TensorBoard.
After tuning, the following hyperparameters were selected:
1000 epochs, batch size of 100, 6 network layers, each layer
with 30 to 80 neurons, dropout rate of 0.1 between each layer
and Adam as the optimizer.

All data was normalized to a value between 0 and 1. All
models underwent fourfold shuffled cross validation. The
features on which the models were trained was varied three
times. First using three variable parameters selected with
RFE: target machine utilization, collar spacing and flour
temperature. Secondly using 10 features selected with RFE,
which resulted in: the respective amounts of 4 specific ingre-
dients, the overall amount of feed, flour temperature, output
rate, press canal width, target machine power level and target
machine utilization. Thirdly using all 67 features.

As defined in the method section, the data sample amount
variation was done by creating learning curves. For the
sklearn models, the learning curves were created using the
scikit-learn learning curve function. For the MLP neural net-
work the authors built a learning curve generation function.

The learning curves for all models included four fold shuffled
cross validation.

Results and discussion

The results from the analysis described in Sect. 2.3 are pre-
sented in this section as follows: firstly, a comparison of the
prediction error of the differentmodel and number of features
combinations; secondly, a comparison of how each model
and number of features combination behaves with varying
amounts of training data; thirdly, a qualitative comparison of
the effort required for each of the three model categories; and
lastly, a qualitative comparison of the interpretability of each
of the three models. These results provide an example of the
insights that can be obtained when applying the comparison
methodology.When applied to their ownmanufacturing pro-
cesses, the comparison results could be used by a decision
maker at amanufacturing plant to better answer the following
questions:
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Table 2 Standard deviation of the four labels

Label Standard deviation

σelectrici t y consumption 0.114

σutili zation 0.129

σsteam consumption 0.096

σproduction duration 0.226

σlabels 0.141

(1) What class of model is worth implementing?
(2) How many data points should be continued to be mea-

sured in the long term?
(3) How many more data samples need to be collected

whenever changes are made to the system in the future?

Prediction error comparison

First the prediction error of the models is compared, follow-
ing the noteworthiness testingmethod described in "Method"
section:

Calculate standard deviation of each label, and then the
average (Table 2):

Rearranging the formula to provide a minimum MAE,
which is still considered noteworthy

|�MAE | �
{
notnoteworthy, i f |�MAE | < Tσlabels ,
noteworthy, i f |�MAE | ≥ Tσlabels .

Using the above formula, and the following values for the
threshold and average standard deviation:

T � 0.0500, σlabels � 0.141,

|�MAE | �
{
not noteworthy, i f |�MAE | < 0.00705,
noteworthy, i f |�MAE | ≥ 0.00705.

Thus, for all the predictions shown in this section, only a
difference in MAE of more than 0.00705 should be consid-
ered significance. Figure 4 uses this value to indicate whether
the prediction error of adjacent model and number of feature
combinations are noteworthy:

Two conclusions can be made from the results above:
firstly, the “Complex ML” model never has a noteworthy
lower prediction error than the “Simple ML” model, and
secondly, increasing the number of included features from
the 10 most influential (as determined through RFE) to all
67 features never reduces the prediction error of any model
by a noteworthy amount. Further prediction metrics can be
found in “Appendix 1”.

Data sample amount comparison

Next, the behavior of each model and number of features
combination with different amounts of training data sam-
ples is investigated, using learning curves, as described in
"Method" section. The results are summarized in Fig. 5. The
individual learning curves can be found in “Appendix 2”.

Reviewing the results one can see that as expected, as
more features are included in the models, more data samples
are needed to maximize the model performance. This is the
case for all categories. The “ComplexML”model is the only
one, which seems to be able to accommodate all 67 features
without overfitting. This is in accordance with the typical
assumption that more complex ML models are better suited
for handling larger numbers of features. Interestingly, there
is no major difference between the “Simple ML” and “Com-
plex ML” models in the number of data samples needed to
maximize performance; both the 10 feature and 67 feature
scenarios the performance of the models plateau at approx-
imately the same number of samples. This is counter to the
typical assumption that more complex ML models require
more data than simpler models.

Effort comparison

Next, the relative difference in effort needed to create the
model for each category is compared. The “Simple ML and
non-ML” analyses were completed in less than an hour.
Compared to the “Simple ML and non-ML” analyses, the
“Complex ML” analysis required significantly more effort.
The same effort was needed for the data preprocessing, how-
ever the modeling process was significantly more extensive.
Here the hyperparameters of a DL algorithm had to be tuned,
which requires data science expertise and time. For themodel
used in this study circa one full working day was needed for
the first version of the model, and then an additional day for
further tuning. It should be noted that auto ML techniques
are becoming increasingly sophisticated in being able to auto-
mate hyperparameter tuning, however are currently still not
able to achieve this fully for “Complex ML” models (Kar-
maker et al., 2022).

The exact time and effort required is of course dependent
on the experience of the analyst, so during this comparison
focus should be placed on the relative difference in required
effort among the model classes. In general, the greater the
skill set of the analyst, the smaller the difference in effort
among model classes is. The authors however assume that
a difference in effort between “Complex ML” and “Simple
ML and non-ML” will always be present, since more steps
are needed in developing models in the former category.
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Fig. 4 Mean absolute error (MAE) for each model and data amount combination, including indication whether difference in error is noteworthy

Fig. 5 Description of behavior of each model and number of features combination for different amounts of training data samples
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Table 3 β Coefficients of linear
regression model with three
features

Interpretability comparison

The interpretability of eachmodel is a differentiating factor in
the classification system of complex and simple in this paper.
The “Simple non-ML” model has the highest interpretabil-
ity. By analyzing the β coefficients of the linear regression
model, which indicate the incremental change each indepen-
dent variable has on the dependent variables, one can directly
see the weight each feature has on the model (if all data is
normalized to the same scale). Though the analysis becomes
more difficult to read as the number of features increases. As
an example, the beta coefficients for the 3-feature scenario
are shown in Table 3.

FromTable 3, one can quickly interpret that reducing flour
temperature significantly reduces steam consumption, while
slightly increasing electricity consumption and significantly
increasing max utilization. And that reducing collar spac-
ing and utilization reduces electricity consumption, while
slightly increasing steam consumption. If steam consump-
tion were converted from mass to energy, then the tradeoff
described above could be compared and a decision could
be made whether to increase or decrease each parameter in
order to save overall energy consumption. The constraints
of max utilization and production duration would of course
need to be considered. Dehning et al. demonstrate the same
approach to assess the influence of different factors on the
energy intensity of a car manufacturing plant (Dehning et al.,
2017).

The XGBoost “Simple non-ML” model is based on a
complex ensemble learning approach and thus does not pro-
vide an interpretable equation, such as the linear regression
does. However the XGBoost Python library provides a built
in function that provides a ranking of the influence of each
feature in the model. By nature of how boosted decision tree
algorithms, such as XGBoost, model data, this ranking is cal-
culated during model training and is readily available. For
details on how the ranking is calculated see (Hastie et al.,
2009). For example, for the 67-feature scenario the 15 most
influential features can be easily plotted with one function
call. Thus, while it is not possible to easily interpret how the
model makes certain predictions, it becomes less black box
by understanding the feature importance.

The DL “Complex ML” model used in this study is black
box and has little to no interpretability.

In summary, taking into consideration the type and qual-
ity of insights obtained from the different analysis, as well
as the effort required for the analysis, the results of apply-
ing the comparison methodology suggests that the “Simple
ML” approach using the 10 most influential features and ~
900 data samples, strikes a good balance between predic-
tion error, required effort and interpretability. This outcome
would be valuable to a manufacturer, because they would
have now obtained an indication that further developing and
implementing a complexDLMLmodel, is not necessary, and
that they could use a simple XGBoost model instead. This
would reduce the manufacturer’s dependency upon data sci-
ence expertise, and allow them to use a more interpretable
model. Additionally, the manufacturer would know that it
is sufficient to use only 10 of the 67 data points to model
the energy consumption, and that data from approximately
700 production batches would be sufficient for retraining the
model in the future, should the production process change.

Outlook: using themodel for process
parameters optimization

When a model of a manufacturing process is available, it
provides valuable insight into the relationship between pro-
cess parameters and energy consumption. However, a model
can add more value when used in an optimization to identify
the specific parameter settings that would generate the most
energy savings.

Although the topic of optimization is not the focus of
this paper, for completeness, an optimization is presented in
this section to demonstrate the added value of a well-built
model for achieving energy savings in production. Addi-
tionally this novel optimization approach developed by the
authors can be applied to other energy efficiency modeling
use cases. In this section, the previously discussed “Simple
ML” model (XGBoost) with 10 features is used as the opti-
mization function within the optimization algorithm. That
is, the optimization algorithm uses the model to predict the
energy consumption for a certain combination of parameters,
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then makes small adjustments to the parameters and then
uses the model to again make a prediction using the changed
parameters. These steps are repeated by the algorithm until
the prediction converges to a minimum or maximum value.
“Differential evolution” from the library “scipy.optimize”
was used as the optimization algorithm (Pedregosa et al.,
2011).

Since the ML model models more than one output, and
since further constraints besides a quantity to be minimized
are relevant for the optimization objective, a rating function
was defined based on the model outputs, which calculates
a rating for each instance. The goal of the optimization is
to minimize this rating. For the use case in this paper, the
following simplified approach was used, which consists of
minimizing the energy costs during pelletizing and consid-
ers a maximum press machine utilization. Energy costs are
calculated as follows:

Energy costs � (electrici t y per ton)(electrici t y price)

+ (steam consumption per ton)

(gas required to produce steam)(gas price).

The evaluation function is defined as follows:

Rating �
{

((max utili zation − limit) + 1)(energy costs), i f max utili zation > limit ,
energy costs, i f max utili zation ≤ limit .

In the case presented in this paper, the limit was set to
100. This ensured that when the maximum permitted uti-
lization of 100 was exceeded, the penalty term provided for
an increase in the rating. For utilization values smaller than
100, the rating corresponded to the energy costs that are to
be minimized.

In addition, another penalty term was added, which aimed
to limit the available parameter combinations. This is to pre-
vent parameter combinations from being proposed by the
optimizer, where themodel cannotmake a reliable prediction
due to a lack of training data. These parameter combinations
would in reality likely not result in the values that the model
predicts. In the optimization function used in this paper, it
is only possible to specify a left and a right limit value for
the parameters to be optimized. Thus a rectangular (with
two parameters) or cuboid (with three parameters) parame-
ter search space is spanned. One can adjust these limits to the
minimum andmaximumvalues of themodel training data set
to avoid that the optimizer works on an extrapolation of the
model and suggests values that are far from those occurring in
the training data set. However, after initial testing, it became
clear that not all conceivable parameter combinations were
represented. The result was that parameter combinations far
away from “known” parameter combinations of the training

data set were often suggested by the optimizer. The reason is
that the model predicted low energy costs for these combi-
nations. This is an issue however, since the model can likely
notmake accurate predictionswith these unknown parameter
combinations.

To avoid this, the authors created a novel approach. The
approach uses a search tree and a prior scaling of the param-
eter dimensions by a maximum allowed distance between
known parameter values. This is then used as an additional
penalty term in the optimization. The scikit-learn “BallTree”
library is used for this purpose (Pedregosa et al., 2011). In
the approach, at least 10 training examples must be within
an acceptable defined distance from the current parameter
combination. During the optimization process, in addition to
the rating predicted by the model, the distances between the
given parameter combination and the nearest 10 parameter
combinations from the (scaled) training data set are calcu-
lated. If one of the 10 nearest neighbors has a distance > 1,
another penalty term is added to the optimization function.
This further narrows the available parameter space follow-
ing the training data distribution and reduces the likelihood of
an unreliable model prediction when calculating the optimal
parameter combination.

The parameters used for optimization were press target
utilization, press collar spacing and flour temperature, which
are adjustable on the pelletingmachine. After performing the
RFE to select the most important 10 features, these param-
eters were included. This optimization was performed the
same test data set, of 239 production batches, as used to
test the trained model. As a result, the following plots of
energy costs, machine utilization and energy consumption
each show themodel estimates for all 239productionbatches.

From Fig. 6, it is clear that due to the parameters chosen
by the optimizer, the energy costs are expected to be lower
than the expected costs for the original parameters.

Average cost decrease per batch � 5.3%.
Figure 7 shows that the utilization boundary condition is

adhered to after the optimization; the expected values for
the maximum utilization for the optimized parameters are
below the limit of 100% in almost all cases. Press utilization
is the maximum measured power load of the press during a
batch production as a percentage of its rated maximum load.
Utilization of the press beyond 100% reduces the machine
life span and causes malfunctions requiring production halts,
which in turn waste energy due to otherwise unnecessary
process ramp-ups.
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Overutilization (> 100%) occurrences decrease for the 239
batches � 21.0%.

Figure 8 shows that the energy consumption is reduced
for almost every batch.

Average energy decrease per batch � 6.0%.
Overall, the optimized parameters achieved an expected

average saving of 5.3% in energy costs compared with
the original parameters, and a 6.0% average decrease in
total energy consumption.Additionally, overutilization of the
press machine is reduced by 21.0%.

As a final step before accepting the results, it is necessary
to implement the proposed process parameters in the real-life
process andmeasure the actual reduction in energy consump-
tion. This is a necessary step since both the optimization
and the evaluation are based on the ML model. Thus, the
calculated improvements may in part be due to inaccura-
cies in the model prediction and may be less or greater in
practice. This scenario is a possible application of energy
consumption modeling to increase energy efficiency of a

manufacturing process, and illustrates the efficiency gains
that can be achieved using an optimization approach.

Conclusion

Summary

This paper demonstrates a novel method for investigating
how complex of a prediction model is needed to obtain
reliable predictions of the energy consumption of a man-
ufacturing process. The authors define four categories of
analysis ranging in complexity and usage of ML. A compar-
ison method is constructed around these categories so that a
systematic evaluation on the effort, model performance and
required data for differentmodeling approaches can bemade.
This method is tested on a use case from a compound feed
manufacturer and results in the conclusion that a “Simple
ML” model using the 10 most influential features and ~ 700
data samples, is sufficient to achieve a useable prediction

Fig. 6 Comparison of predicted energy costs before and after optimization. Prediction based on the actual parameter combinations in blue, and the
prediction based on the optimized parameters in orange. Y-axis values omitted due to confidentiality (Color figure online)

Fig. 7 Comparison of predicted machine utilization before and after optimization. Prediction based on the actual parameter combinations in blue,
and the prediction based on the optimized parameters in orange (Color figure online)
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while requiring less effort andprovidingmore interpretability
than a “Complex ML” model. To demonstrate the practical
value of modeling the energy consumption a manufactur-
ing process, a novel optimization approach is applied using
the identified model. Energy consumption savings of 6% are
predicted to be achievable if the optimal process parameter
settings are implemented.

Upon revisiting, it is clear that the developedmethodology
has the capability to answer the research questions posed at
the start of the study, for a given manufacturing process.
For the manufacturing process used in the evaluation, and
answers to the questions can be summarized as follows:

(1) How do the prediction errors of different manufactur-
ing energy consumption modeling techniques compare
when varying the model complexity and use of ML?
By defining different categories of modeling tech-
niques based on complexity and use of ML, the authors
were able to make a structured comparison. For the
conducted experiment, increasing model complexity
resulted in lower prediction errors, however with sig-
nificantly diminishing returns.

(2) How do the performances of different manufactur-
ing energy consumption modeling techniques compare
when different amounts of data are used to train the
models?
The authors were able to investigate the effects of data
amount on the different models, by systematically vary-
ing the number of features, as well as the number of
data samples, used to build the models. For the inves-
tigated use case, adding more features improved the
performance of allmodels, butwith diminishing returns;
only the increase from 3 to 10 features reduced pre-
diction error by a noteworthy amount. Models with

more features required more data samples. As expected,
the “Simple non-ML” model required the least data
samples. Unexpectedly, for the 10 and 67 feature scenar-
ios, the “Simple-” and “Complex ML” models required
approximately the same number of data samples to min-
imize prediction error.

(3) How do the different manufacturing energy consump-
tion modeling techniques compare in terms of required
expertise and effort to build the model, as well as in
terms of interpretability of the results?
The two “Simple” models required a similar effort to
build, and significantly less than the “Complex ML”
model. The “Simple non-ML” model (linear regres-
sion) was the most interpretable. The two ML models
were less interpretable, though the “Simple ML” model
(XGBoost) had at some interpretability, as opposed to
the “Complex ML” model (MLP).

Limitations

One limitation of the work presented here is that the “Com-
plex non-ML” category was omitted in the analysis, due to
applicability. Including this category would provide a more
comprehensive comparison; however the comparison would
then only be applicable to a smaller selection of use cases.
The methodology is purposely constructed to be as simple
as possible, while still providing useful insights. With that
being said, a second limitation is that the methodology does
not differentiate modeling approaches beyond the four cat-
egories. There are dozens of different models within each
of the four categories, which may differ slightly from each
other in terms of complexity, interpretability and required

Fig. 8 Comparison of predicted total energy consumption before and after optimization. Prediction based on the actual parameter combinations in
blue, and the prediction based on the optimized parameters in orange (Color figure online)
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effort to build. An improvement could be made by defin-
ing sub-categories in order to differentiate even more among
modeling approaches.

Contribution and future research

The primary contribution of this paper is a structured repli-
cable model comparison methodology, which enables the
systematic identification of an appropriatemodel and amount
of data for a given manufacturing energy consumption mod-
eling scenario. The originality of the methodology lies in its
manufacturer-oriented design, applicability to various man-
ufacturing scenarios and systematic structure. The novel tree
based optimization approach is a further contribution of this
paper. The comparison methodology can provide valuable
insights in the fields of industrial engineering and data ana-
lytics because such differentiation can help manufacturers
and practitioners at the start of a modeling initiative decide
which approach to take and to estimate the resources to invest.
Thereby facilitating manufacturers in improving the energy
efficiency of their processes. This contribution relates to
Sustainability Development Goal #9, “Build resilient infras-
tructure, promote inclusive and sustainable industrialization

and foster innovation” (UN General Assembly, 2015). The
comparisonmethodology is designed to be generic and appli-
cable to a variety of manufacturing processes and industries,
rather than being developed for only a specific process. Once
the comparison methodology has been applied to further
use cases, the authors expect to be able to generalize which
model category and data amounts are most appropriate for
different types of manufacturing energy modeling use cases.
Then it would not be necessary to execute the full compar-
ison methodology for a given use case each time, in order
to obtain an indication which model class and data amount
would likely be sufficient. These insightswould be evenmore
widely accessible among practitioners, than if they would
first need to be calculated each time.

Appendix

Appendix 1: Model prediction performance,
with further metrics

See Table 4.

Table 4 Model prediction
performance, with further metrics
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Appendix 2: Learning curves

See Figs. 9, 10, and 11.

Fig. 9 Learning curves for three features scenario. ~ 200 Data samples
sufficient for linear regression. > 900 for XGBoost. ~ 500 for CNN.
MAE > 5% should be considered high. Small gap indicates low vari-
ance. High training error indicates high bias for all models. Thus, more

data samples will not help, but rather more features are needed, or a
more complex model, since current models are under fitting the data

Fig. 10 Learning curves for 10 features scenario. Linear regression
model has high bias and low variance, and thus if the irreducible error
has not been reached, the model either requires more features or is not
complex enough a model for the process. After 500 data samples the
model does not improve. Low training error for XGBoost indicates low

bias. Large gap indicates high variance, and that the XGBoost model is
overfitting. Validation curve is plateaued, so adding more data samples
would likely not improve the model. CNN error lines have also con-
verged, and plateaued, so either the model has reached the irreducible
error, or more features or complexity is needed
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Fig. 11 Learning curves for all 67 features scenario. Linear regression
model has high bias andmoderate variance, and thus themodel is unsuit-
able for the data set (more features have only increased the variance of
the model). For XGBoost, low training error indicates low bias. Large

gap indicates high variance, and that the model is overfitting. Valida-
tion curve is not quite plateaued, thus adding more data samples may
improve the model. CNN has converged and just plateaued, so more
data samples would likely not improve the model
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