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Abstract

Production quality and process efficiency are the two main drivers that lead any industrial strategy. To ensure product quality, a
duality historically existed between two approaches, namely batch sampling and systematic sampling. In batch sampling, the batch
homogeneity is assumed, and a subset is measured, whereas, in systematic sampling, every part of the batch is measured inde-
pendently. The latter approach is too expensive to be considered. Therefore, batch sampling is implemented, which, however,
involves sacrifices product quality, as the homogeneity assumption cannot always be true. Today, virtual metrology (VM) is on the
brink of enabling a new standard for quality control by offering a third approach that combines the benefits of the others. VM
estimates product quality while preserving process efficiency. It enables continuous systematic monitoring of production in hidden
time. To do so, it leverages process data and relates them to product quality through machine learning algorithms. This thesis pro-
poses a proof of concept and guidelines on how to design, tune, implement, and maintain a VM solution for one of the most com-
mon industrial operations, namely milling.

The literature lacked a comprehensive summary and a systematic review of the state of the art in VM. This motivated the realiza-
tion of a systematic, complete, structured literature review of VM based on a content analysis of all research articles in the field
published before 2021. The papers are classified thanks to a new framework highlighting shortcomings and future research direc-
tions. Finally, VM’s use in various industrial fields is discussed, underlining its potential for every manufacturing industry. Two of the
various findings of this literature review are the lack of development of VM for machine tool operations and the lack of research on
the maintenance of data-based models to ensure their long-term performance. These two research gaps are addressed in the
present thesis.

Thereafter, a significant step toward VM for milling operations is made, with a specific focus on the estimation of the dimensional
quality of single pass milled parts. To do so, two experiments were conducted in an industrial environment. Various combinations
of recorded process variables, data synchronization algorithms, dimensionality reduction algorithms, and regression algorithms
were tested to maximize model accuracy. A new baseline for dimensional quality estimation in an industrial production environ-
ment is set with a mean absolute error of 14.4 um. Besides the proof of concept, this part of the present thesis provides directions
on how to design and tune a VM algorithm for milling operations.

Finally, a methodology is proposed for implementing a problem-oriented complete solution to ensure the maintenance of industrial
data-based models. This solution is structured based on an operational framework, including a sampling decision system and an
updating system. Each methodology step is described thanks to guidelines, while research gaps are highlighted. The methodology
starts with a concept drift identification phase; thereafter, solutions are pre-selected based on the identified concept drifts. An
optimization problem is then designed to select the solution that most respects costs and constraints. This section of the present
thesis provides a methodology to implement a solution for the maintenance of industrial data-based models such as VM.

Keywords

Virtual metrology, quality estimation, soft sensor, machine tool, industrial process efficiency, machine learning, zero-defect manu-
facturing, industry 4.0, drift handling, data-based model maintenance.



Résumeé

La qualité des produits et I'efficacité des processus sont les deux facteurs principaux qui guident la plupart des stratégies indus-
trielles. Pour assurer la qualité de la production, il existe une dualité historique entre deux approches, I’échantillonnage par lot ou
bien systématique. La premiére approche suppose une homogénéité des lots et seul un sous-ensemble est échantillonné afin d’étre
mesuré. En ce qui concerne |'échantillonnage systématique, tous les produits sont mesurés indépendamment. Cette derniéere ap-
proche est généralement trop colteuse pour étre retenue. L’échantillonnage par lot est donc I'approche la plus utilisée, malgré le
risque qu’elle présente pour la qualité de la production. En effet, la supposition d’homogénéité ne peut pas toujours étre respec-
tée. Aujourd’hui, la métrologie virtuelle (MV) est sur le point d’établir un nouveau standard pour le contréle qualité au sein des
industries manufacturiéres. Elle offre en effet, une troisieme alternative qui combine les avantages des autres approches. La MV
estime la qualité des produits, tout en préservant I'efficacité du processus de fabrication. Cela permet de surveiller la production
systématiquement, de maniéere continue et en temps masqué. Pour cela, la MV utilise les données processus, et les correlent avec
la qualité du produit grace a des algorithmes d’apprentissage automatique. Cette thése propose une démonstration de faisabilité et
des directives pour la conception, le réglage, I'implémentation et la maintenance d’une solution de MV pour une des applications
les plus communes dans l'industrie, I'opération de fraisage.

En I'absence d’un état de I'art exhaustif en matiere de MV, il était nécessaire de proposer un résumé de la littérature systématique,
complet et structuré de ce domaine, basé sur I'analyse du contenu de tous les articles scientifiques publiés sur le domaine avant
2021. Un nouveau « framework » permet la classification des manuscrits mettant en lumiére des lacunes et des futures directions
de recherche. Par la suite, les nombreux domaines d’application de la MV sont discutés, soulignant son potentiel pour toutes les
industries manufacturiéres. Cet état de I'art permet premiérement de conclure au manque de développement de la MV sur les
opérations basées sur les machines outils. Il met aussi en évidence les lacunes dans le domaine de la maintenance des algorithmes
basés sur la donnée pour assurer la pérennité des performances des algorithmes de MV. Cette these traite de ces deux sujets.

Une étape importante vers la MV pour les opérations de fraisage est franchie. Un accent particulier est mis sur |'estimation de la
qualité dimensionnelle des pieces fraisées en une seule passe, a I'aide d'outils d'apprentissage automatique. Pour ce faire, deux
expériences sont conduites dans un environnement industriel. De nombreuses combinaisons de type de variables d’entrée,
d’algorithmes de synchronisation des données, d’algorithmes de réduction de dimensionnalité et d’algorithmes de régressions, ont
été testées dans le but de maximiser la précision de la solution de MV. Dans les conditions du cas d’étude, une nouvelle référence
pour I'estimation de la qualité dimensionnelle dans un environnement industriel, est établi avec une erreur absolue moyenne de
14.4 um. Outre la démonstration de faisabilité, ce chapitre de la these fournit des indications sur la maniere de concevoir et de
régler un algorithme de MV pour les opérations de fraisage.

Une méthodologie est proposée pour I'implémentation d’une solution compléte de maintenance d’algorithme basé sur la donnée.
Cette solution est structurée grace a un framework opérationnel, qui inclut un algorithme de décisions d'échantillonnage et un
systeme de mise a jour. Chaque étape de la méthodologie est décrite grace a de nombreuses directives pour leur implémentation.
De multiples opportunités de recherche sont également mises en lumiére. La méthodologie débute avec une phase d’identification
des dérives de concept ; par la suite, des solutions de maintenance sont présélectionnées, sur la base des caractéristiques des
dérives précédemment identifiées. Un probléme d’optimisation est ensuite défini afin de sélectionner la solution qui minimise les
colts, tout en respectant les contraintes. Ce chapitre fournit une méthodologie afin de mettre en ceuvre une solution pour la main-
tenance de modéles industriels basés sur des données tels que la MV.

Mots-clés

Métrologie virtuelle, estimation qualité, capteur mou, machine outil, efficacité du processus industriel, machine learning, zero-
defect manufacturing, industrie 4.0, gestion de dérive, maintenance d’algorithme basé sur la donnée.
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Chapter 1 Introduction

1.1 Industry 4.0

Industries transform raw materials into higher-value goods. Today, most of the industrial companies are driven by profit. At the
shopfloor level, this latter is represented by two main drivers: product quality, which affects sales, and process efficiency, which
affects costs. These drivers have always existed in industry. While initially underemphasized, process efficiency began to flourish
during the first industrial revolution. At that time, a transition from a society based on an agricultural-commercial economy to an
industrial society began due to new technology enabling the extraction of energy from steam. Industry then, saw a second industri-
al revolution due to the development of electrical motors, which enabled critical innovations in production machinery. Thereafter,
the development of new information and communication technology enabled the third industrial revolution, which modified the
ways in which employees worked. Moreover, it modified production machinery by automatizing some production tasks. It could be
claimed that every industrial revolution has been based on the development of disruptive technology that directly affects produc-
tion machinery, enabling more efficient processes and higher-quality products. The industrial drivers have not changed — only the
means of production have.

Today, due to the miniaturization of sensors and chips, an increasing number of systems are instrumented; these are called cyber-
physical systems (CPSs). CPSs enable the production of a vast and continuous flows of data referred to as data streams. Data
streams are characterized by a continuous flow of streaming data from various sources. All of these newly available data often
carry important amount of unexploited information, which can be leveraged for process or product enhancement. However, data
streams also produce certain constraints. For example, the flow of data must be analyzed with fast inference algorithms and re-
quires a database to have a forgetting capability, as the flow is considered infinite, whereas the storage space cannot be. The im-
pact of these constraints is discussed further later in this thesis. The sudden availability of data aided the development of novel,
disruptive, nonlinear, data-based inference approaches known collectively as machine learning. Machine learning emerged due to
the exponentially growing co-evolution of data availability and computational power. It soon became a critical research topic, as it
enabled the modelization of systems which was still misunderstood. Moreover, data-based models can update themselves auto-
matically can therefore adapt to unpredicted changes. This is impossible for model-based approaches, which limits their use on the
shopfloor. Nearly all research fields have access to data and extract information using machine learning; industrial research is no
exception. The potential product and process enhancement proved so important that the application of machine learning soon
came to be referred to as the fourth industrial revolution, also known as Industry 4.0. In this case, machine learning enabled by CPS
was the disruptive technology that permitted an evolution of production means. The goal of this ongoing industrial revolution is to
enable the full modelization of a shopfloor, also called a digital twin. Through creating digital twins, numerous applications could
disrupt the way in which a shopfloor is organized. In a previous publication, the author of this thesis proposed a framework (see
Figure 1) that illustrates the impact of Industry 4.0 on shopfloor organization [1]. Thanks to virtual measurement, the quality of a
product can be determined in real time, enabling a live automatic tuning of the production machine thanks to a “tuning assistant,”
thus enhancing both product quality and production performance. This predictive maintenance will predict incoming failures and
optimize the maintenance time to failure, thus enhancing production performance. Based on feedback from predictive mainte-
nance and the tuning assistant, auto-scheduling will enable potential issues to be forecast at the level of the shopfloor as well as
allow production to be scheduled in an optimal manner to improve process efficiency. Industry 4.0 is moving toward a fully auton-
omous robust production capable of handling very small lots to allow total product customization. Total product customization is a
popular new paradigm that is not currently feasible due to the limited capability of industries.

13
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Figure 1: Framework of Industry 4.0’s impact on the shopfloor.

The fourth industrial revolution promises important evolution in the future. However, in the short term, industries are still prepar-
ing for this transition. Indeed, to be able to monitor and control any machine or process, data must be available, and very few
companies have begun to implement fully connected machinery. Production machines have a long lifetime, and their development
is a lengthy process. Only recently have they started to include technology for extracting data. Previously, numerical command
machines were not produced to extract data, which makes their retrofitting (i.e., updating old machines) highly complicated. This
means that a very limited number of machines present on shopfloors today can obtain data from a process and generally can do so
only in a limited manner. This industrial reality matches the state of the art of Industry 4.0 technology, as most current modeliza-
tion solutions are in development, which highlights the work that still must be done to achieve the aforementioned digital twin
objective. One of the most fundamental modelization technologies that is yet to be mastered is product quality estimation, which is
also called virtual metrology (VM). Since VM is the privileged link between product and process, it is at the basis of the long-term
vision for Industry 4.0.

1.2 Virtual metrology

The contemporary manufacturing domain is shifting to more sustainable manufacturing practices to more efficiently respond to
complex market desires. Market demands have increased significantly, whereas product life cycles and manufacturing cycles have
become considerably shorter, introducing new challenges for manufacturers [2], [3]. Furthermore, product customization has
forced manufacturers to reduce batch sizes, which has increased defect rates [4], [5]. The key factor in achieving sustainable manu-
facturing is the assurance of product quality [6]. Therefore, manufacturers must measure and qualify the quality of their products
at each stage of production [7], [8].The two main quality control strategies are systematic control, where every product is meas-
ured, and batch control, where only a few products from each batch are measured and assumed to be representative of the whole
batch. Additionally, as stated by Psarommatis et al., the measuring process can be performed with two approaches, namely physi-
cal or virtual measurement [6]. As physically inspecting parts is time consuming and expensive, manufacturing companies currently

14



Introduction

prefer batch control to systematic control due to the cost and performance that can be achieved. However, batch control has a
major disadvantage in that defective products may reach the consumer, which can result in devastating costs to a company [9],
[10]. Moreover, even if defective parts are prevented from going to market, they usually cost, as they were transformed from de-
fect occurrence to defect detection. Systematic control is the optimal practice for ensuring that all products conform to the desired
quality characteristics [11], [12]. However, this approach is very expensive and inefficient, as measurement generally takes longer
than production, which explains why batch control is the most widespread approach for ensuring product quality. Virtual inspection
has become a reality due to modern technological advancements, and it has enabled manufacturers to apply systematic control
without the cost and time disadvantages of physical inspection [6]. The concept of virtual inspection lies within a broader concept
called VM, which enables the relaxation of the batch control homogeneity assumption while preserving production efficiency. VM
was first developed for the semiconductor industry in 2005 [13]. In this industry, products are very expensive to produce, and
physical inspections are often lengthy and destructive. These disadvantages induce industrial constraints, which may explain the
motivation behind the development of VM.

In the present research, the following definition of VM is adopted: “VM involves estimating the characteristics that define a prod-
uct’s quality directly from production process data and mostly using data-driven algorithms.” The approach is product-centered,
meaning that it exploits data from the means of production to create information about a product [14]. VM can also incorporate a
drift detector to add a safeguard against process evolution, and it may also be updatable and adaptable. Quality estimation can be
performed using a sampling decision system (SDS) to optimize the real measurement frequency as well as a control algorithm to
close the loop on the production mean.

VM lies within the zero-defect manufacturing (ZDM) approach. ZDM proposes several different methods with the shared goal of
decreasing and mitigating failures in manufacturing processes—that is, it emphasizes doing things right the first time. These meth-
ods can be classified as detection, prediction and repair, and prevention methods [6]. VM is a part of the detection class of meth-
ods, as it enables the detection of defects that have already occurred. Furthermore, automatic machine control, which can repair or
even prevent defects, is a production application enabled by VM [15]. The present study focused on ZDM because of its advanced
capabilities compared with traditional quality improvement methods, such as Six Sigma, Lean Manufacturing, the Theory of Con-
straints, and Total Quality Management. The superiority of ZDM lies in the fact that after each defect is detected, production
methods learn from it for the future, which does not occur in traditional quality improvement methods [16]. ZDM can be imple-
mented through two approaches, namely the product-oriented and process-oriented approaches [6]. Both approaches lead to ZDM
but have different starting points.

1.3 Industrial data-based model maintenance

With the emergence of Industry 4.0, an increasing number of processes are monitored, generating continuously tremendous quan-
tities of data. This enables the implementation of impactful data-driven technologies, which can lead to higher levels of sustainabil-
ity [17], [18]. VM and predictive maintenance are some potent data-driven concepts within ZDM that are heavily dependent on
data, with their performance relying on the accuracy and adaptability of the corresponding models. Currently, most developed
models are implemented on a data flow that is often considered stationary. Indeed, the models are built on data that can be seen
as a short recording of reality; however, it is important to keep in mind the difference between reality and the reality represented
by the data, as they can differ over time. This difference can arise from multiple sources; for instance, if the training dataset sam-
pling time is too short or if some independent impactful variables are not measured. In any case, data-based models will become
obsolete over time. The cause of this phenomenon is often referred to as concept drift (CD), which is described as unpredictable
changes in the data stream distribution over time. A strategy for adapting data-based models to handle CD must be defined to
develop any data-based industrial application. Indeed, all industrial technologies that interact with the shopfloor require a mainte-
nance plan to ensure their long-term efficiency. Data-based models are no exception, and they are becoming a fundamental aspect
of the well-known ZDM paradigm. Today, much effort is invested in the development of industrial data-based models, but very
little is invested in their maintenance. In this study, efforts are made to compensate for this imbalance.
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1.4 Research questions

The thesis first started with an industrial will to move toward Industry 4.0. As discussed, the future impact of such technologies is
critical. In the future, it will be a crucial competitive advantage across all industries drivers regrouping for instance product quality
or process efficiency. However, as with all new technology, the deployment of the infrastructure requires considerable time and
investment. Today, pending questions are how to safely connect the production means to the servers and how to gather appropri-
ate data from the correct source. To answer those questions, as for the snake that bites its own tail, prior knowledge on the tech-
nologies is required; however, data must be available to implement them. In other words, a company that could start its transition
toward Industry 4.0 would have to invest in Industry 4.0 technology to increase its know-how and to refine its industry 4.0. re-
quirement definition.

Therefore, this thesis is based on actual industrial problems, which are analyzed to extract research questions (see Figure 2). The
first industrial question focused on product quality. As previously discussed, quality control technology is nonoptimal, highlighting
the potential for significant improvements. The two drivers are product quality first and process efficiency second. Indeed, new
quality controls that harm process efficiency can be counterproductive depending on a company’s objectives. VM is the most fitting
solution for addressing those requirements. As VM was only developed for semiconductors, the first research question is defined as
follows: “Is the application of VM to estimate the dimensional quality of products milled with a machine tool feasible?” Applicability
is defined by the utility of a technology for a manufacturer, which depends on the accuracy of the data-based model. The limit of
applicability can be defined based on the production tolerance, which largely differs depending on the industries and products. The
second industrial question dealt with the preservation of such technologies. Indeed, as with new production machines or process-
es, every element implemented on the shopfloor necessarily comes with a maintenance plan that ensures its long-term operation.
Based on this question, the first driver was machine learning, as the system in need of maintenance is a data-based model. The
second driver was “long term,” as the first maintenance goal is to make the solution last as long as possible. The research question
formulated based on those drivers is as follows: “How to maintain industrial data-based model?” Maintaining a model means de-
tecting concept drift and updating the machine learning models. Industrial data-based model, correspond to model applied to
industrial problems.

Industrial questions Research Drivers Research questions

Is the application of virtual metreology to
estimate the dimensional quality of
products milled with a machine tool

feasible ?

How to maintain industrial data-based
model?

Figure 2: From industrial questions to the research questions.

The remained of this thesis is organized into three main chapters, followed by a chapter that presents the conclusion and directions
for future research. In Chapter 2 a complete, ordered, and systematic state of the art of the industrial solution for VM is presented.
The VM solution is structured thanks to a framework that includes all the elements studied in the state of the art related to VM.
The aim of this chapter is to structure the overall solution and to provide an overview of the state of the art of VM. Chapter 3 pre-
sents a study of VM for machine tools based on two different industrial case studies where the VM models are developed, trained,
and tested. This chapter is intended to be a proof of concept that VM can be applied to milling operations on machine tools. Chap-
ter 4 presents an innovative methodology for optimizing the design and operation of industrial data-based model maintenance.
Based on prior data acquisition and prior knowledge, CD is characterized. Thereafter, maintenance solutions composed of a sam-
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pling decision system (SDS) and an updating system are designed. Finally, based on industrial constraints, the optimal maintenance
solution is selected. The proposed methodology is tested on a simulation.
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Chapter 2 Virtual metrology framework and
state of the art

Virtual metrology (VM) falls within a larger group of approaches described as soft metrology [19], which brings together concepts
such as soft sensors that focus on chemical and continuous manufacturing applications. VM was initially developed for the field of
semiconductor production. Today, however, VM is of interest to the entire manufacturing domain as it can significantly improve
the sustainability of a manufacturing network [12], [20]-[22]. VM is a fairly new concept, which is verified by the fact that the first
paper to define VM was published in 2005 [13]. Figure 3 illustrates the results of a bibliometric analysis on the number of publica-
tions per year, revealing a clear and steady upward trend. This trend is reasonable and expected as more manufacturers and re-
searchers are understanding the need for alternative, more efficient methods of measuring the quality of their products.

Number of publications on VM per year
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Figure 3: Publications on virtual metrology, from the first paper in 2005 to November 2020.

To respond at the research questions, a complete literature review needs to be done. It enables to highlight potential solutions as
well as define potential research gap. To do so, a complete, structured, systematic review of the field of VM is done. It proposes a
framework with which to structure and popularize all research activities linked with VM and reviews the technical shortcomings of
all of its components, applications, and fields of use. State-of-the-art (SOTA) machine learning (ML) is also leveraged to highlight
new opportunities for VM, as are other high-potential new fields of application.

In the following section, first the research method of the study is described. Then the proposed VM framework and its components
is presented. After what they are analyzed and discussed. Followed by a discussion on the advancements and opportunities of VM
industrial applications. Finally, the main findings and outcomes of the study are highlighted, mapping out directions for further

research.
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2.1 Research methodology

This systematic literature review used procedures [23] exemplified in an earlier review [24]. This section defines the methodology
to make the process replicable and objective.

2.1.1 Data sources and search strategy

After the removal of duplicates, the literature on the SOTA of VM comprised 352 papers found through searching the Scopus, Web
of Science, IEEE, and Engineer Village databases. A literature search querying phase usually forces keyword assumptions; however,
for a complete review of the SOTA of VM, we used the unique query keyword of “Virtual Metrology.” The date range of the sys-
tematic review was from 2004—when the first paper to propose the term VM was published—to November 2020.

2.1.2 Article selection

Once the 352 papers containing the keyword of ‘Virtual Metrology’ had been collected, four rejection criteria were defined to make

the systematic review repeatable:

e Accessibility: Papers not accessible in English were not considered.

e  Crucial effects: Articles ignored by the VM community would have negatively affected the variance of our statistical
constructs. To avoid such effects, papers published more than 3 years previously and never cited were removed.

e  Repetition: To ensure statistical quality and decrease potential bias, conference papers that had been republished as
journal papers were removed.

e  Subject relevance: For consistency, all the papers compared had to respect VM product-centered paradigms and be
oriented toward an industrial topic. For instance, a paper dealing with the estimation of a machine’s production effi-
ciency and not with the quality of the final product would have been excluded from this review.

The effects of each of these selection—rejection criteria are summarized in Figure 4. In the bibliometric analysis, most of the papers
were found to deal with semiconductor applications. However, the search was not limited to only this field because of the potential
of VM in other manufacturing domains.

352 papers

]

8 rejection due to accesibility criterion

344 papers left

26 rejection due to crucial-effect criterion

318 papers left

25 rejection due to repetition criterion

293 papers left

94 rejection due to subject-relevance criterion

l

199 papers studied

Figure 4: Selection of relevant articles as per the research methodology.
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2.1.3 Quality assessment of the retained articles

A total of 199 papers were extracted according to the aforementioned criteria, and then they were classified depending on their
topic and application. Every component and application of VM was studied, either exhaustively or in a quantitative manner. For the
component and application counting too few papers to extract trends, an exhaustive review was performed; otherwise, a more
guantitative approach to studying VM was employed. In this case, in addition to studying the statistics, some significant papers
were also examined qualitatively. The criteria used to select them were as follows:

1. MLrelevance: The proposed VM approach corresponded to commonly used, SOTA machine learning approaches.

2. Research impact: The paper was in the top 25% most cited papers in its domain of VM based on its Scopus citation
record.

3. Recentness: The paper was published in 2018 or earlier.

4. Originality: The paper proposed an original, high-potential solution for resolving a known problem.

To be highlighted as significant research, a paper needed to be ML-relevant and fulfill at least one of the other criteria—either 2, 3,
or 4. The fourth criterion enabled the consideration of under-rated solutions from another perspective. Every manufacturing appli-
cation of VM was reviewed quantitatively, and they are presented later in the discussion section.

2.1.4 Data extraction and synthesis

To guide the answer of the research questions, 11 categories of VM were dichotomized into two groups. The technical group con-
tained the components and applications of VM, as described in the framework presented in Table 1. The group of VM manufactur-
ing applications classified industrial operations into the two categories in Table 2. Each paper was nonexclusively classified into one
or more categories. To document the systematically reviewed papers, all of the papers are cited either in the text (for highlighted
papers) or in the citation table in the Annex 1.

Table 1: Summary of technical group categories. Q: quantitative review. EXH: exhaustive review.

Category name Short explanation Papers Review
Preprocessing Data preprocessing before a quality estimation. 149 Q
Quality estimation Quality estimation based on machine learning. 168 Q
Drift detection Detection of concept drift. 22 EXH
Sampling decision system Based on the detection of drift, this system adapts the 9 EXH

measurement frequency, enabling the quality estimator to
be updated and ensuring system reliability.

Updatability feature Variation of the quality estimator, enabling it to be updated. 31 Q

Adaptability feature Variation of the quality estimator, enhancing its data effi- 11 EXH
ciency.

Multi-stage architecture Architecture of the interconnections between different 5 EXH

implementations of VM.

Machine control Machine control based on quality estimation. 25 Q

Fab-wide architecture VM implementation in industrial environments. 13 EXH
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Table 2: Summary of manufacturing application categories. Q: quantitative review. EXH: exhaustive review.

Category name Short explanation Papers Review

Semiconductor manufacturing All studies of VM operations involving semiconductors. 158 Q

Other manufacturing domain All studies of VM operations involving other manufacturing 12 Q
domains.

2.2 Virtual metrology framework

Based on the analysis of the literature, the components and applications of VM were structured as a framework that depicted their
interconnections. This framework is presented in Figure 5.

Fab-wide Virtual metrology
Quality Multistages
estimator
Process Data w Quality estimation
data ‘ prefprocessing l L l- & drift detection
Multistages Drift detector i Sampling | 1 Machine E
Adaptability decision ! ! control !
v osystem '
Updatability temooe- [ ------ B bt '
A

Real quality measures

Features Architectures | Applications !

Figure 5: Virtual metrology framework.

The proposed framework was aimed at comprehensively connecting all of the components and applications of VM. The elements of
the framework are summarized as follows: The VM block takes the raw process data as inputs. Those inputs then undergo prepro-
cessing before being processed by the quality estimator and the drift detector. This preprocessing step, presented in Section 2.3.1,
includes the nonexhaustive removal of outliers, reduction of dimensionality, and normalization of raw data. The quality estimator,
presented in Section 2.3.2, extracts information from the preprocessed data to estimate the product quality. The drift detector,
presented in Section 2.3.3, detects abnormal behavior in the preprocessing data and raises internal alarms when a drift is uncov-
ered. All of these techniques can be enhanced to enable the VM to be updatable or more data-efficient. The updatability feature is
discussed in Section 2.3.5, and the adaptability feature is discussed in Section 2.3.6. The data-efficiency enhancement provided by
the adaptability feature enables faster prototyping and implementation of a new VM model. The implementation of VM in an
industrial environment induces the need to define two connections: The first is the horizontal interconnection of the different VMs
implemented along the production life cycle of the product, which is discussed in Section 2.3.7; the second is the vertical connec-
tion of the VM to the manufacturing execution system, known as a Fab-wide architecture, which is discussed in Section 2.3.9. Final-
ly, the VM output is composed of a quality estimation and a drift detection alarm, which are used by two main applications: First,
the sampling decision system (SDS), presented in Section 2.3.4, optimizes the product measurement rate; then, the production
machine can be controlled based on the quality estimated, which is discussed in Section 2.3.8. Noteworthily, other Industry 4.0
applications can benefit from VM quality estimation [25]. For instance, predictive maintenance could benefit from VM since prod-
uct quality is strongly linked to machines’ health [26]-[28]. Vice-versa, VM can benefit significantly from predictive maintenance
through the forecasting of upcoming concept drift [29]. Indeed, causes of machine failure are also causes of quality drift. However,
because nearly no research exists on the link between those applications and VM, they were omitted from the proposed frame-
work.
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As depicted in Figure 6, each element of the framework can be classified by its role. This explains the place it holds in the imple-
mentation of VM.

Virtual metrology

Techniques Data pre-processing | | Quality estimation | | Drift detection

Features | Updatability feature |_

Components

Applications | Sampling decision system | _
Core group H Essential group ‘_

Figure 6: Virtual metrology terminology chart.

The most basic elements are those that extract information from the data. Most of the time, these are supervised or unsupervised
ML algorithms, which obtain value from the process or from each other. They are referred to as techniques.

Features are technique modifications for achieving secondary objectives, such as reducing the minimum size of the training set or
making the techniques updatable. They often come as technique add-ons, which still require technique modification to be imple-
mented.

Architectures define the way VM is connected to the environment. They deal with the data flux horizontally—that is, all the opera-
tions required to manufacture the product—and vertically—that is, the enterprise software system.

Applications are external elements that use techniques to enhance or provide new benefits. As they are external from VM, they are
not components. Every application can be described in the same way as VM, with techniques, features, and architectures.

It is worthwhile classifying the framework’s elements by their necessity. Necessity is defined as the element’s importance for the
implementation of VM as presented figure 5.

The core concept group includes the elements that are strictly necessary for building VM and estimating product quality. The group
is composed exclusively of techniques that are sufficient for implementing a basic VM solution. These techniques should be de-
signed and implemented first.

The essential group includes the elements required for building a lasting VM solution. As with any Industry 4.0 solution, the VM
environment evolves with time, and therefore, every technique needs to be updated. The essential group includes all of the ele-
ments that enable what could be called technique maintenance. These elements are not necessary for short-term VM implementa-
tion but are necessary for long-term VM implementation. For industrial deployment, essential elements must be taken into consid-
eration.

The auxiliary group contains the optional elements that create value but are not necessary for basic or long-term VM implementa-
tions. Such elements are still worth considering for enhancing the system in terms of industrial implementation or application.
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2.3 Analysis and discussion of virtual metrology elements

2.3.1 Data preprocessing

Data preprocessing is a technique that transforms data to make it compatible with other techniques and also enhances the accura-
cy of quality estimation. Data preprocessing is a required technique for implementing VM, and thus, it is part of the core concept
group. Preprocessing includes multiple operations that can all be performed offline and sometimes online, such as the preparation
of the initial data, assessment of missing data (sometimes online), outlier removal (online), data normalization (online), and feature
engineering (sometimes online).

Even though all of the retained papers described the use of preprocessing—as a fundamental step of ML—few explained which
preprocessing phases were used, and even fewer explicitly mentioned which algorithms they employed. This explains why fewer
papers were cited in our preprocessing statistics than in our quality estimation statistics and also why only outlier removal and
feature selection were discussed. Moreover, this lack of transparency may also give rise to problems related to experiment repeat-
ability.

Outlier removal

Outliers are aberrant data points lying outside of the expected distribution, which can lower the precision of the quality estimator if
considered. Detecting and removing them from the dataset is a thoroughly discussed preprocessing operation in the VM field. The
most used outlier removal approach is promptly described in the Table 3.

Manual outlier detection is the simplest and most used approach. Features can be plotted independently or not [30] for visualizing
potential outliers. This method is purely offline, which is an important limitation for VM implementation. Statistics-based methods
are also highly popular as they are the simplest online approach. A specific clustering method named ART2 was developed for VM
outlier detection [31]. ART2 is widely used for VM as it is included in the automatic VM framework [32]. Lastly, a ML field called
novelty detection proposes advanced solutions for detecting outliers. Some of those solutions have been tested successfully for VM
[33]-[35]. The main advantage of novelty detection is that it can deal with data streams. Indeed, whereas the other solutions as-
sume that the distribution they learned is fixed, a data stream accepts that it will evolve with time, adding a new challenge—
whether it is “an aberrant point, an outlier, or just the evolution of the normality.” Detecting aberrant points is not performed
simply to increase the accuracy but also—and especially—to protect the quality estimator from the time-variation of its environ-
ment. This is @ major challenge that should be prioritized more.

Table 3: outlier removal algorithms. All the citations are available in Table 19 of the Annex 1.

Methods name Algorithm’s name Description Advantage Limitation
Manual outlier detec- | Basic plot, t-SNE Handmade based on visual- | ¢  Simple e Only offline
tion ization approaches.
Statistics-based meth- | Hotelling’s T2, | Statistical algorithm for | ¢  Simple e  Statistical assump-
ods Grubb’s test testing the distribution tions

distance between two sets

of data.
Principal component | PCA Distance monitoring of each | ¢  Simple e Linear transfor-
analysis  (PCA)-based data point projected into mation
methods another space.
Specific method ART2 Specific  clustering algo-

rithm.
Novelty detection | SVDD, Gauss, MoG, | Clustering or one-class | « Nonlinear e  Computationally
methods KMC, (k-NN), GMM, | classification algorithm that demanding

Parzen window, SOM detects novelty.

The field of novelty detection abounds with more advanced solutions that have yet to be studied for VM applications [36]. Outlier
detection is highly connected to drift detection, which is discussed later in Section 2.3.3.
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Dimensionality reduction

Dimensionality reduction consists of the modification of the feature’s space, from a high dimensional space toward a low dimen-
sional space, while maintaining the maximum amount of meaningful information. Working with a high dimensional feature space is
detrimental to VM application due to the twin curses of dimensionality and computational intractability. Moreover, keeping fea-
tures uncorrelated with the output can reduce the model’s overall effectiveness [37], [38]. The VM feature’s space size usually has
a very high dimension due to the many process sensors sampling at a high frequency for several minutes at a time. This explains
why dimensionality reduction is a fundamental preprocessing step in VM.

Dimensionality reduction can be achieved by removing less meaningful features, using feature selection, or transforming all of the
features toward a lower dimensional space using feature extraction. Finally, dimensionality reduction can also be performed by
reducing the size of each feature, as with data quantization.

Feature selection combines the dimensionality reduction approaches that preserve features by simply decreasing the feature space
dimension. In other words, redundant or irrelevant features are removed. One advantage of feature selection is its transparency.
Indeed, information about a feature’s usefulness can, for example, explain the modification of the process itself. Feature-selection
methods are usually divided into three main categories: filter, wrapper, and embedded methods. The most used feature selection
algorithms are presented in the Table 4. Alternatively, feature selection could also simply be conducted by a process expert.

Table 4: Feature selection algorithms based on a similar table in [19], All of the citations are available in Table 20 of the Annex 1.

Methods name Algorithm’s name Description Advantages Limitations
Filter method Pearson, input covari- | Correlation- e Computationally e  Mostly linear
ance, ANOVA based approach efficient e  Not associated with the
e Simple inference model
e Interpretable
Wrapper method Forward, backward, or | Iterative ap- | ¢ Nonlinear e  Computationally de-
stepwise selection, | proach e Interpretable manding
genetic algorithm e  Associated with the | ®  Difficult to generalize
inference model e  (Can overfit
Embedded meth- | Lasso, trees Inference algo- | e  Can be nonlinear e  Depends on the infer-
od rithm with in- | ¢  Twoinone ence algorithm
built  feature | e Interpretability
selection

Although computationally demanding, wrapper methods are highly popular due to their capability for high dimensionality reduc-
tion. In the reviewed papers, 59% of wrapper methods were used with linear approaches such as multiple linear regression (MLR)
or partial least squares (PLS) as inference algorithms, whereas 41% were combined with nonlinear approaches such as neural net-
works (NNs), Gaussian process regression (GPR), or support vector regression (SVR). Taking into account the high number of itera-
tions required to converge, weak learners such as linear learners were often used. The use of nonlinear learners highlights the
nonlinearity of most VM problems. Indeed, applying linear algorithms to nonlinear problems will lead to underperformance. Simi-
larly, filter methods are not used anymore. By contrast, the popularity of embedded methods has grown significantly, carried by
multiple recent publications that have used ensemble methods as quality estimators.

Feature-extraction approaches transform an initial feature space into a smaller one. This transformation permits the removal of any
hidden redundancy between features, which can be more efficient than feature selection in terms of reducing dimensionality.
Moreover, the newly extracted feature space can increase the precision of the quality estimator and reduce the overall noise. The
greatest limitation of the feature-extraction approach is the difficulty in extracting process knowledge from the new feature space
once it has been transformed. Moreover, unlike the feature-selection approach, which transforms the feature space, the feature-
extraction approach must be implemented both offline and online, thus increasing the calculation time. Feature selection and
extraction are equally used in SOTA VM. The most used feature extraction algorithms are presented in the Table 5.
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PCA and PLS are widely used methods for VM that are restrained by their linear assumption. To ease this limitation, a kernel can be
associated with them to explore nonlinear relationships, a method usually called kernel PCA or kernel PLS [33], [39], [40]. Notably,
all existing nonlinear feature-extraction approaches, including CNNs and autoencoders, have been described for the first time since
2017, reflecting the need to move toward nonlinear algorithms. Moreover, thanks to the fast evolution of CNN applications in the
field of ML, the use of CNNs has also been increasing in VM applications, representing more than 70% of dimensionality reduction
algorithms described in 2020.

Table 5: Feature-extraction algorithms. All of the citations are available in Table 20 of the Annex 1.

eigenvector

Algorithm name Description Advantages Limitations
Principal component | Input features projected on the | ¢  Computationally effi- e Llinear
analysis (PCA) eigenspace, removing the smallest cient e Unsupervised

network (CNN)

with in-built feature extraction

° Two in one

Partial least squares | Like PCA but matches both projec- | ¢  Computationally effi- e Linear
(PLS) tion of the input and the output cient e Interpretability
Convolutional  neural | Inference neural network algorithm | e  Nonlinear e  Computationally de-

manding
e large learning set

Autoencoder

Neural network-based feature

extraction

. Nonlinear

e  Computationally de-
manding

e Unsupervised
e  large learning set

Data quantization, very commonly used for VM, reduces the dataset size by binning it by features and representing the bins using
statistics. In addition to the most commonly generated statistics (such as mean, median, and maximum), excellent results have
been reported for the segregation of steady-state and transient periods for building new statistics, such as steady-state level and
duration, settling time, and rise time [41], [42]. Binning can also be performed at a fixed frequency or by focusing on specific zones
of interest that correspond to production recipe steps [43]. Reducing the size of the dataset often comes at the price of a great loss
of information, which may reduce the inference accuracy. However, some approaches require a qualitative feature and may have
greater accuracy.

2.3.2 Quality estimation

Quality estimation is one of the core concepts of VM techniques. It is aimed at estimating product quality using measurable process
variables. Defining a product’s quality is application-dependent, but it usually has a single output, such as etching depth for plasma-
etching applications. Moreover, quality estimations are often defined as continuous values, which encourages the use of regression
algorithms for inference tasks. However, some papers have evaluated classification approaches that simply describe product quali-
ty as within tolerance or out of tolerance [33], [44]. Using classification for quality estimation is often called fault detection and
classification. For instance, novel detection algorithms have been applied for discrete VM estimations of quality [45]. Most of the
approaches used in VM are data-driven ML approaches. Discrete VM is restrictive and should only be used if data is too scarce to
train a regression algorithm. Even if prior knowledge can, in some cases, be considered, algorithms learn thanks to data-driven
representations of the system (i.e., a dataset). The approaches presented here are supervised as they always use the input—output
couple to learn. Numerous algorithms are used to perform quality estimation, and they are presented in Table 6.
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Table 6: Quality estimation algorithms based on a similar table in [19]. All of the citations are available in Table 22 of the Annex 1.

Method Algorithm name Advantages Limitations
name
Linear Multiple linear re- e  Low complexity e Linear
models gression (MLR) e  Computationally and data- e  Prone to instability
efficient e  Sensitive to outliers
e Interpretable
Partial least square e  Computationally and data- e Llinear
(PLS) efficient e Interpretability
e  Feature extraction e  Risk of omitting real correlations
Lasso e  Computationally and data- e Linear
efficient e  Low performance with highly cor-
e  Feature selection related variables
e Interpretable e  Low performance if the number
of descriptors exceeds the num-
ber of observations
Neural Multiple layer per- e Nonlinear e  Computationally demanding
networks ceptron (MLP) e Ability to generate new features e  large dataset required
from a subset of features located e  Black box
in the training dataset
Convolutional neural e Nonlinear e  Computationally demanding
network (CNN) e  Feature extraction e Llarge dataset required
e  More robust e  Black box
Recursive neural e Nonlinear e  Computationally demanding
network (RNN) e  Time memory: effective for time e  Llarge dataset required
series e  Black box
Bayesian neural e Nonlinear e  Computationally demanding
network (BNN) e  (Causal e large dataset required
e  Prior-knowledge injection e  Black box
Kernel Gaussian process e Nonlinear e  Computationally demanding
methods regression (GPR) e  Data-efficient e Poorly scalable
e In-built uncertainty quantification e Hardtotune
e Assumes Gaussianity
Support vector re- e  Non-linear e  Poorly scalable
gression (SVR) e  Data-efficient e  Difficult to tune
° Less prone to overfitting
Ensemble Bagging e Nonlinear e Canresultin high bias
methods e  Easily updatable
e In-built uncertainty quantification
e  Reduces variance
Stacking e Nonlinear e  Depends on the learners that are
e  Enhances accuracy used

Linear regressors are currently the most frequently used algorithms for quality estimation; however, although they provide fast
inferences, they do not achieve high accuracy and can be unstable with nonlinear problems. Their popularity may be driven by their
data efficiency in an industry where data is scarce considering continually changing production-machine health. Their popularity

may also be driven by their noise rejection ability.

The second most used algorithm family is NNs. Even if MLP was for long the most used approach, today it is under-represented,
replaced by more advanced neural network architectures. Recurrent NNs (RNNs) use time dependencies to increase their accuracy
when dealing with time series. However, RNNs suffer from heavy data-efficiency issues, which explains their lack of popularity.
Moreover, recent research demonstrated that CNNs can also capture time dependencies in a highly data-efficient manner and with
greater accuracy [46], enabling greater accuracy and robustness against drifts, which could explain their recent popularity in the
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VM field. Attention mechanism algorithms [47] have become a highly popular approach for replacing RNNs in SOTA ML. Future
research on attention mechanisms for VM applications could be interesting. Papers featuring Bayesian NNs (BNNs) were particular-
ly well represented in 2020 because BNNs have brought many new, valuable capabilities to the table, such as prior knowledge
transfer from computer-aided manufacturing tools [48] and causality links. Causal inference is another popular topic in the field of
VM as it ensures tremendous interpretability, enabling rapid correction after the detection of sources of process failure [49]. Hybrid
architectures had excellent results in SOTA VM, such as a combination of an RNN and a CNN for enhancing robustness against
concept drift [50]. Noteworthily, thanks to the evolution of calculation power, NN architectures and hyper parameters tend to now
be optimized by genetic algorithms for VM applications [51], [52]. Such NN variations hold tremendous opportunities for enhancing
the accuracy, precision, and interpretability of quality estimators; thus, they should be studied further.

The third most frequently used approach involves kernel methods. The use of SVR is declining while GPR is becoming ever more
popular. GPR is a high-potential approach in the field of VM as it provides in-built uncertainty quantification, which is a critical
advantage because it greatly simplifies the implementation of perennial VM solutions. GPR’s greatest limitation is its lack of scala-
bility, which can be limited if combined with the right dimensionality reduction algorithm such as lasso [53] or a CNN [54].

Despite a significant number of studies in 2020 adopting ensemble methods, they remain the least used approaches for quality
estimation. The bagging algorithm has crucial advantages as it can not only estimate uncertainty like GPR but can also be updated
simply through the addition or removal of an individual from the ensemble. Stacking is known to perform better than single learn-
ers for some problems [55], which tend to be validated for VM [30], [56], [57]. Most ensemble methods permit the easy implemen-
tation of essential group components, and although they are recent, they should be considered by practitioners for industrial appli-
cations.

2.3.3 Drift detection

The quality estimator learns a concept defined by the representation of the studied physical equations, namely the learning da-
taset. This concept is generally time dependent. Its evolution is called concept drift [58], and if not considered, it will constantly
decrease the accuracy of quality estimations. When dealing with an issue as critical as product quality estimation, it is necessary to
ensure the correctness of conjectures. This problem is known as the applicability or manufacturability problem [59]. The technique
of drift detection (DD) is part of the essential group, and it is a necessary element for making VM perennial in time. DD assumes the
role of the alarm by detecting concept drifts based on the inputs and feeding the information into the SDS. DD outputs a Boolean
that indicates whether a drift is actually occurring. Implementing DD involves two steps, the first of which is detecting an abnormal-
ity, and the second is characterizing the concept drift. These two steps, including the algorithms used, are described in detail in the
following two subsections.

Detecting an abnormality

The first group of algorithms used to detect drift in SOTA VM is called uncertainty quantification. Very often assuming Gaussianity,
these algorithms identify a standard deviation of the quality estimation, capturing its “confidence.” Based on a problem-dependent
heuristic threshold, abnormality can be detected. One advantage of calculating the confidence is that besides DD, it can be lever-
aged to enhance both the quality estimators [60] and machine control algorithms [61], [62]. The automatic virtual metrology (AVM)
solutions propose an add-on heuristic approach called the reliance index, which is based on the crossover of two different quality
estimators [63]. This used to be the most popular method for detecting abnormality, but many other interesting alternatives are
available today. For instance, regression approaches with in-built uncertainty quantification such as GPR and bagging are convinc-
ing for VM applications [64]. Moreover, in SOTA ML, multiple methods are yet to be studied, such as BNNs with uncertainty quanti-
fication, concrete dropout [65], [66], and deep ensembles [67].

As discussed in the outlier detection section, the second group of algorithms mostly originate from SOTA novelty detection. They
are one-class classification or clustering algorithms. Generally, with the threshold indirectly included in their hyper parameters,
they directly output a Boolean value for detecting an abnormality. They are known to be highly efficient at detecting drift [36].
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Despite the central role of DD in the essential group, it has not been thoroughly studied for VM, and numerous algorithms remain
to be explored.

Characterizing a concept drift

Detected abnormalities must be classified as either outliers or concept drift. These are different entities because outliers are not
representative of the physical distributions [68]. Once a drift has been characterized, the product must be measured to update the
quality estimator. However, measurements are expensive and measuring outliers is useless. Furthermore, including outliers in the
training set is detrimental. To discriminate concept drift from outliers, the simplest solution used in VM is to measure output only if
multiple successive abnormal samples have been detected [69]. Once the measurement has been performed, another VM ap-
proach suggests a second verification of whether the output is abnormal; if the output is normal and the input is abnormal, then
the sample is considered an outlier [35]. Numerous methods exist for characterizing a concept drift that remain to be explored,
particularly those originating from SOTA novelty detection.

2.3.4 Sampling decision system

The SDS is the main application of VM because it enables the production measurement rate to be adapted based on the virtual
quality estimation. Its decisions are built around the quality estimator output, the DD output, and the time elapsed since the last
measurement. SDS strategies simply based on time are called passive or time-based strategies, whereas SDS strategies only based
on VM output are called active or event-based strategies. SDS strategies based on both time and VM output are called hybrid strat-
egies. The Figure 7, which is inspired by a figure by [70] illustrates the different type of sampling strategy; They are also described in
the Table 7.

Table 7: Sampling decision system strategies.

Method name Algorithm Description Advantages Limitations
name
Time-based or | Statistical pro- | Optimization of the fixed | e  Simple e Under-optimized quality
Passive strategy cess control frequency e No need for VM and efficiency
Event-based or | Uncertainty Update when an event ° Hidden-context sensitiv-
Active strategy sampling occurs ity
Hybrid strategy Simple or no | Update at the fixed fre- | ¢  Partially optimized e Room for optimization
interaction qguency or when an event SDS
hybridization occurs
Optimized Update at the optimized | ¢  Optimized SDS e  Room for optimization
interaction frequency or when an e  Complex
hybridization event occurs

‘ Real metrology O Virtual metrology

memets (@000 @O0 @O eos
Event-based SDS QO‘QQQOOO‘OQ oo
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Figure 7: SDS strategies.
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Event-based strategies compensate for the two aforementioned limitations of time-based strategies, as the measurement decision
is based on the specific quality of each product. The main event-based SDS strategy is called uncertainty sampling [71]. It consists of
triggering a measurement when the estimation is no longer trusted [72], [73], out of tolerance [74], or impossible, as with just-in-
time (JIT) learning extrapolation problems [75]. The first approach, namely uncertainty sampling, has been integrated into all SDSs
across the SOTA papers on VM. Event-based strategies should never be used alone because there are always sources of deviation
that are hidden and then not visible for the DD, making the whole system fallible.

Today, time-based strategies are the main strategies used in production. The frequency at which measurements should be con-
ducted are either optimized through a traditional statistical process control approach or simply defined heuristically. Most of the
time, these strategies under-perform in terms of product quality because they assume a homogeneous batch, and also in terms of
process efficiency because they assume the system to be time-independent.

Hybrid SDS strategies perform the best because they have the advantages of both time- and event-based strategies. A fixed-time-
based frequency accounts for hidden drifts, while an event-based frequency takes care of the other types of drift [76]. Some ap-
proaches propose adapting the time-based frequency in function of the event occurrence [69]. By doing so, one can leverage some
room for optimization from the fixed-frequency hybrid strategy; however, a theoretical background is nowadays missing to ensure
that the model update frequency follows the hidden context evolution. In fact, this background is also missing when setting up the
fixed-frequency hybrid strategy, which indicates great research opportunities.

2.3.5 Updatability feature

Once a labeled example is available, the updatability feature enables all techniques to be updated, including preprocessing [77].
The updatability feature enters the essential group as it enables VM to deal with concept drifts. To do so, it alters the way the
learning set is stocked thanks to an external algorithm, thus avoiding the limitations of a huge learning set. The updatability fea-
tures are described in the Table 8. The stability—plasticity dilemma (SPD) is fundamental for differentiating the various methods of
updating [78]. A highly stable method will have high inertia and adapt slowly, whereas a method with high plasticity will adapt
quicker to new concepts but may become unstable.

Table 8: Updatability algorithms. All of the citations are available in Table 23 of the Annex 1.

Algorithm name Algorithm Description Advantages Limitations
variation
Moving window | Moving win- | Keeps the youngest | ¢ Simple e  Can forget meaning-
(Mw) dow points in memory e  SPD depending on ful points
window size e  Bad against recur-
Weighted The same but with an | ¢ Thesame rent drift
moving win- | emphasis on the young- | ¢ Increases plasticity
dow est point
Just-in-time (JIT) learning Keeps the full set, trains | e  Deals with recurrent | e  No forgetting capa-
on a subset on the fly drift bility
e  Fastinference e  Only applicable to
e  Good SPD fast learners

Moving window (MW) is the most commonly used approach for dealing with data streams for VM thanks to its simplicity and its
“forgetting capability”. Various MW ameliorations exist, such as adaptive MW or JIT learning MW [79], although only few studies
have examined them for VM [80], [81].

JIT learning is popular for VM. It enables very large learning sets to be dealt with by retraining the inference algorithm at each
inference on a small subset selected using different clustering algorithms [82], [83]. However, it is highly limited by its lack of ability
to “forget,” making it impossible to use for applications that are not purely cyclical. Moreover, even if sometimes applied with slow
learners [53], JIT learning needs to be applied online to be combined with fast learners, which explains why it is nearly exclusively
used with linear algorithms. One-third of linear approaches use JIT learning, whereas all other approaches use MW.
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One means of supplementing an updating algorithm—if one has prior knowledge about the physical system—is to model concept
drifts separately to decompose the problem [84] with, for instance, NNs [85] or wavelet transform [86]. For example, mainte-
nance—a common cause of concept drift—has been modeled multiple times [87]-[89]. This method is rarely sufficient as all of the
causes of drift are generally unknown; it should be implemented as a complement to MW or JIT approaches.

Besides these methods found in SOTA VM papers, ensemble methods are often used for their high stability and plasticity. Indeed,
ensemble methods can be updated easily by adding or removing new members; they would probably outperform the currently
used methods for VM [90].

2.3.6 Adaptability feature

The adaptability feature aims to diminish the set-up time of a quality estimator, for new or different products, by reducing the
number and size of the features required to train that quality estimator. In doing so, it increases VM’s agility and responsiveness,
which is increasingly useful in a world where personalization and product diversity have become the norm. Multiple approaches
have been studied to reach those goals, and they are listed in Table 9.

Table 9: Adaptability approaches.

Approach name Description Advantages Limitations

System identification Analytically learns the difference | ¢  Simple e Verylow ap-
between two products to compen- | e  Keeps the same model plicability
sate for it

Transfer learning Uses an existing VM of a similar | e Faster learning time . Needs similar
product to pretrain a new product | ¢  Smaller learning set products
VM

Multi-task learning Trains two similar tasks’” VMs simul- | e  Faster learning time e  Detrimental if
taneously e Smaller learning set the tasks are not

similar

Semi-supervised learning | Generates training data from an | e  Smaller learning set e  Sensitive to

unlabeled point concept drift

Constant system identification has been applied for VM [91], [92]. However, it remains very limited as very few products differ from
a simple constant.

Another method called transfer learning enables the learning time and the learning set size to be reduced by presetting optimized
parameters with a learning algorithm that has already been trained on a similar task. Enhanced accuracy and computational effi-
ciency been found for VM applications [93].

When multiple quality estimators must be jointly developed, multi-task learning can be implemented to reduce both the learning
time and the learning set size. In SOTA VM, multi-task learning is applied to linear algorithms, ensemble methods, and kernel
methods, and its data efficiency has been proven [94]. However, for different tasks to be jointly learned, they must be selected
wisely as this approach could become counter-effective if the difference between them is too great.

Another approach is called semi-supervised learning, which automatically generates labeled data from unlabeled data to diminish
the learning set size. For VM, all of the tested approaches label new points based on a consensus ensemble of homogeneous learn-
ers trained on different subsets of the dataset, as with the co-training algorithm [95], [96], or an ensemble of heterogeneous learn-
ers trained on the same dataset, as with the SAFER algorithm [97]. This approach has been noticed to be highly counter-effective if
drift occurs, as this will lead to a biased consensus and the inclusion of false information in the training set.

Adaptability features are a crucial topic as labeled data is scarce and expensive in the industry, which is underdeveloped today.
Thus, great research opportunities exist in this area.
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2.3.7 Multi-stage architecture

VM'’s main goal is to estimate a product’s quality based on production process data. Current quality usually depends on the quality
of past operations. In other words, the quality at operation n-1 affects operation n, and this is true along the production line. The
multi-stage architecture in operation defines VM’s interconnectedness; it deals with the integration and connection of multiple VM
points along the product’s production line to enhance the overall accuracy of quality estimation. Multiple multi-stage architectures
exist; the present review proposes a three-group classification described in Table 10 and illustrated in Figure 8.

Serial architecture Hub architecture Cascade architecture
| | v
VM, > VM, > VM5 VM5 VM, VM, VM5
ﬁ ﬁ op; ﬁ
: operation : product T :processdata | VM, |:VMinstance —— : Quality estimationand DD

Figure 8: Multi-stage architecture diagrams.

Table 10: Multi-stage architectures.

Architecture name Description Advantages Limitations
Serial architecture Serially interconnected VM points. e  Efficient e  Information loss
Hub architecture Use an existing VM of a similar product to | ¢  Fewer VM points e Requires high
pre-train a new product VM. e  Raw information computational
power
Cascade architecture Mix between serial and hub architecture. e  Depends on the e  Depends on the
exact architecture exact architecture

A serial architecture improves VM accuracy without increasing the feature space of each VM point much [98]. It has been common-
ly used for VM and its applications, such as machine control, where it takes both current estimations and estimations from previous
operations as inputs [99].

A hub architecture can increase VM’s accuracy and is advantageous when the quality of past operations is not measurable or of low
accuracy [30]. Moreover, developing and maintaining VM involve financial costs, which in some cases must be minimized. This
architecture can be used either as a quality control point or as a final quality control verification. The hub architecture’s main limi-
tation comes from the curse of dimensionality as the feature space grows with each past operation considered, which is limiting in
the real-time implementations.

A cascade architecture has pros and cons that are highly dependent on the final architecture. For example, one cascade architec-
ture proposes independent VMs at each point of operation along the production line, but only feeds their estimations to the VM
point for the last operation. This last VM point uses all preceding estimations plus the data from the last operation to estimate the
product’s final quality [100], [101].

As a guideline, the information flux should follow the operations depending on their correlation. Because most manufacturing
operation dependence are not serial, most implementations should use cascade architectures. However, research in this field is
scant. Therefore, more research must be conducted to compare the different multi-stage architectures and to determine how to
develop them.
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2.3.8 Machine control

Automatic machine control is an application of VM that leverages quality estimation and DD to control the means of production. By
doing so, the production process can be stabilized and robustified. Most control approaches involve run-to-run control—they up-
date process parameters at the end of each production run. This does not control the quality of each part but attempts to center
the quality distribution around tolerance. VM can therefore deal with process drift [102] at the batch level, but it cannot ensure the
quality of every piece produced. Multiple control algorithms are used with VM, and they are presented in Table 11.

Table 11: Control algorithms. All of the citations are available in Table 24 of the Annex 1.

Algorithm name Description Advantages Limitations
Exponentially Low pass filter with linear controller. e Simple e  Sensitive to trends
weighted moving e  Reduce noise (slow drift)
average (EWMA) ° Linear controller
Double EWMA | Same as EWMA, with a second EWMA | ¢  Same as EWMA e  Linear controller
(dEWMA) for trends. e  Deals with trends

Model predictive | Trajectory optimization based on the | e  Nonlinear controller e  Requires a precise
control (MPC) process model. e  Optimal process model

The vast majority of control algorithms for VM use EWMA or dEWMA, which are exclusively implemented in run-to-run. Multiple
variations have been studied for SOTA VM. The output quality measures can, for instance, be included in an EWMA filter when
available [103]. Those newly included physical measures have a high weighting compared with virtual measures and they are used
as temporary baselines. Some research using EWMA/dEWMA filters has taken information regarding uncertainty quantification
into account. This can be used to fine-tune the weighting parameter in real time. High uncertainty will increase the weighting of
actual measurements and vice-versa. It has also been shown to increase controller performance.

Another active research topic is the controller’s robustness against concept drift. One approach that was proposed is to feedfor-
ward the measured quality to modify the controller gains. This allows a slow incremental drift to be detected and compensated for
[104]. Another approach integrates knowledge about equipment condition into a dEWMA, which is estimated by a dynamic Bayesi-
an network [61]. The main limitation of the EWMA/dEWMA filter is its assumption of linearity and its run-to-run implementation.

Model predictive control (MPC) is one of the few approaches that combines VM with online, real-time control [105]. Unfortunately,
MPC is heavily dependent on the system simulation, which is mostly unavailable in VM applications. Another real-time approach
merges the quality estimator and the controller by learning the inverse model, thus estimating the process parameters to achieve
the desired quality of the output. Thus, quality is not estimated directly but the control task is performed. In this approach, a gen-
erative adversarial network is employed to train the CNN used for inference and to deal with concept drift caused by regular up-
dates [62].

Real-time consideration may seem useless for the main VM application, namely SDS, which explains the popularity of run-to-run
control. However, from a control perspective, real-time quality estimation is the holy grail as it would enable the real-time control
of production apparatuses in terms of quality, which would be a huge step toward the zero defect manufacturing (ZDM) paradigm
[106]. Although a dense body of knowledge on control theory exists, much research still needs to be done with a particular focus on
real-time nonlinear approaches that incorporate information regarding uncertainty quantification.

2.3.9 Fab-wide architecture

The need for Fab-wide architectures is a fundamental aspect of any industrial big-data approach. A Fab-wide architecture is defined
to connect the different organ of an industrial VM implementation. Its location is either on the shopfloor, on a computer on the
production machine, either on the intranet, on the manufacturing execution system (MES), or on the cloud. The different architec-
tures are presented in the Table 12.
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Table 12: Fab-wide architectures.

Architecture Name: Generic VM MES VM Partial cloud VM Full cloud VM

VM management server /

Model generation server
Model generation server
Central database

VM unit f

VM management server

w

Clouds Central database E

VM management server /

Model generation server

e
-—
Central database \—y
MES -
VM unit y VM unit y VM unit f Data collection device |I|.
Shop floor

The generic VM architecture is the simplest that exists and should be the first step for new industrial VM implementations. The VM
unit is as integrated as possible with the production apparatus [107]. It enables real-time capabilities while being highly flexible; it
also diminishes the risk of data-packet asynchronicity problems or even losses.

MES VM architectures introduce three new components, which are shared for all of the different VM units. The model generation
server consists of a multi-tenant server that can receive and run multiple VM creation models on different virtual machines simul-
taneously, thus ensuring user isolation [108]. The central database stocks all data and models. Using main memory database tech-
nology for VM applications has produced better results than disk-resident technology [109]. The VM management server deals with
the control and maintenance of VM models [110], [111]. This approach enables better overall control of VM capability across a
whole fab.

A hot trend in Industry 4.0. is products as services, where product providers rent services, maintain control of systems, and ensure
their maintenance. The manufacturing industry or client rents VM solutions, outsourcing their implementation, operation, and
maintenance problems. To implement products as services, VM solutions must be moved to the cloud. The partial cloud VM archi-
tecture pushes the model creation server, VM manager, and central database to the cloud [112]-[114]. In this case, the VM opera-
tion is kept close to the production apparatus, enabling real-time implementation. This final approach seems to be the optimal
compromise because it successfully separates the online and offline parts.

The full cloud VM architecture places every possible component in the cloud, including the VM algorithm. The only part that re-
mains on the machine is the data collection device [115]. Adding VM in a server dramatically increases the server’s resistance to
software failure thanks to the easy replacement of virtual machines; computational power can also easily be higher. On the other
hand, real-time VM is compromised due to the lag between the cloud and shopfloor.

In terms of implementation, research has proposed multiple solutions for industrial VM. Apache Hadoop is a big-data-friendly,
open-source ecosystem that can improve on the query processing speeds and data storage efficiency of handmade solutions [116].
Another solution is Microsoft’s Azure Machine Learning Studio, which provides a drag-and-drop way to train, deploy, and manage
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VM solutions [117]. Noteworthily, some Fab-wide architectures foresee not only the inclusion of VM but also other technologies
such as predictive maintenance or ontology structuring.

2.4  Virtual metrology industrial application and discussion

VM is a generic ZDM tool that can theoretically be applied to every manufacturing application. Originally designed for semiconduc-
tor manufacturing, VM has recently been applied in a multitude of industrial fields to various process with different dynamics. It is
impossible to find one algorithm for every component in the VM framework that will fit all the different dynamics. Accordingly, this
section discusses the advancement and opportunities in those industrial applications. It is organized in 2 subsections, first discuss-
ing the semiconductor application and finally the other manufacturing domains.

2.4.1 Semiconductor manufacturing

SOTA VM for semiconductor applications can be grouped into the following five operations: photolithography, chemical vapor
deposition (CVD), plasma-enhanced chemical vapor deposition (PECVD), plasma-etching, and chemical-mechanical planarization
(CMP). All the citations for semiconductor manufacturing VM papers, classified by applications, are provided in Table 26 of the
Annex 1.

The most studied semiconductor operation incorporating VM is plasma-etching, which usually involves removing a photoresist
layer. As discussed in a 2010 review, this is a high-value-added operation usually run in open-loop, thus providing a strong motiva-
tion to control the quality of that loop using retroaction [106]. Following the review’s recommendation, multiple control approach-
es have been tested based on VM, such as real-time MPC, which was highly successful and acted as a proof of concept [105]. Unfor-
tunately, no other real-time implementation of VM has emerged from the SOTA. One might think that with the emergence of ZDM,
real-time consideration will soon become a hot topic. Regarding plasma-etching, it is noteworthy that the use of plasma infor-
mation (P1) as an input has enabled online control and opened new opportunities for VM; Pl is still very commonly used [89]. Speak-
ing of features, there is still a great deal of emphasis on dimensionality reduction with a preference for feature extractions. Plasma-
etching is no different from other semiconductor applications in its strong need to reduce the number of processed inputs. As
concluded by a 2009 review [118], due to nonlinearity, the best and most commonly used algorithm for the quality estimator is a
NN. MLP was and still is the most popular choice. However, there is a notable increase in interest in CNN applications, which
achieve increased accuracy and robustness compared with MLP [119]. Indeed, plasma-etching is not spared from concept drift such
as residue deposition [106], justifying the potential of CNNs. On the other hand, the implementation of the essential group compo-
nent is the optimal approach for dealing with concept drift, yet it remains under-researched [73].

The second most studied operation is CVD, along with its variant PECVD. Notably, most papers have not explicitly described the
exact industrial operations involved, and thus, they remain vague. PECVD is an exception and is usually differentiated from CVD,
although no clear differences exist between the algorithms used for both techniques. CVD is used to produce thin-films, either for
adding a new layer or for doping an existing one. As with plasma-etching, great effort is expended to diminish the feature space
size, with an emphasis on feature extraction algorithms. In terms of the quality estimator, a 2014 review on VM for CVD explained
that the use of SVR is optimal for this application [120]. Since then, kernel methods have become the most used methods, among
which GPR is the most popular. As GPR is not a scalable algorithm, its rise can be explained by the development of feature extrac-
tion algorithms. In terms of VM technical applications, very few papers have focused on machine control [87] for CVD. Because it
enhances VM'’s impact on the shopfloor, it can only be beneficial for implementing CVD control, which motivates further research.
Conversely, the implementation of essential group components is an active topic for CVD research. The most used approaches are
MW for updatability, diverse DD methods, and SDS, demonstrating the clear presence of concept drift in this industrial application.

CMP is the third most studied application. It is used to planarize and clean the top layer, to finish the wafer, or to prepare it for its
next operation. CMP can be viewed as a bridge between semiconductor manufacturing and other manufacturing domains. Indeed,
planarization can also indicate “polishing,” which is an operation found in many production industries. This application is quite
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recent as 50% of CMP VM papers have been published since 2018. Another point that makes CMP unique is that dimensionality
reduction does not seem to be a problem. Very little research has been conducted on this subject for CMP, and most papers have
not explained the use of one. Quality estimators are quasi-exclusively implemented with NNs but surprisingly not MLP. More ad-
vanced architectures are used such as RNNs, CNNs, or BNNs. BNN applications are mostly applied to CMP. CNNs and ensemble
algorithm seem to be the approaches with the most potential for quality estimation across the industrial applications. Dealing with
drift is another active topic, but remarkably the most used updatability feature is JIT learning, not MW. In terms of control, both
classic controllers such as dEWMA and highly innovative controllers such as the one based on genetic adversarial network (GAN;
[62] have been discussed. CMP is like the laboratory of VM for semiconductor manufacturing because many new technologies and
algorithms have been tested with CMP, yet they still need to be tested for all the other industrial applications such as CNNs, BNNs,
GANSs, and more. It is the VM field to watch as it is the most active and innovative.

Finally, the least studied operation incorporating VM is photolithography, which shapes the final substrate. Very few papers have
been published on its different components, making the resulting discussion less objective. Moreover, very little has been said in
terms of pre-processing, concept drift handling, and applications. However, MLP is the most commonly used approach for quality
estimation, indicating potentially high nonlinearity.

Lastly, it was found that since 2015, the scientific focus on CMP and more marginally represented semiconductor applications has
grown significantly, such as copper-clad laminate [121], physical vapor deposition [30], laser chip manufacturing [122], roll-to-roll
manufacturing [123], [124], and wafer sawing [56] among others. This clearly emphasizes the future opportunities for VM in new,
less studied semiconductor applications.

2.4.2 Other manufacturing domains

Beyond the semiconductor domain, VM is also adopted in other domains, such as the following:

e Machining operations, including milling, turning, drilling, and spark machining
e  Metal additive manufacturing
e Carbon fiber manufacturing

All of the citations for papers outside of the semiconductor-manufacturing domain are available in the Table 27 of the annex.

In the field of machining operations, the major challenge for VM is the drastic decrease in dataset signal-to-noise ratios compared
with semiconductor manufacturing. The production environment is noisy with severe vibrations and temperature changes, which
makes advanced preprocessing critical. Wavelet denoising, as described previously, is an interesting approach under these condi-
tions [125]. In terms of preprocessing, as for semiconductor operations, machining operations must deal with numerous features,
which necessitates efficient feature selection [42].

In terms of quality estimation, 100% of the papers describing VM in machining settings have used MLP as their inference algorithm.
Indeed, MLP can deal with noise and leverage its presence to avoid overfitting [126]. Furthermore, the use of MLP can be explained
by the high nonlinearity of machining operations. To reduce complexity, prior knowledge can be injected as post-processing. For
instance, a deformation model of a hole can be used to enhance the accuracy of VM in a drilling operation [127]. Finally, one appli-
cation, namely run-to-run control, has already been tested on machining operations successfully [128].

Research on the use of VM in other manufacturing domains besides semiconductors only began in 2017. Since then, 12 papers have
been published on this topic, which is more than 10% of the published papers on VM in that time, demonstrating increasing inter-
est. There are tremendous research opportunities on the use of VM in all manufacturing fields. The few results that have been
presented can be viewed as proof of concept on the applicability of VM to the discussed manufacturing operations. The next step
will be to implement the tested framework elements on different machines in order to validate the prior results and test untested
algorithms, approaches and architectures, such as those in the essential and auxiliary groups.

36



Virtual metrology framework and state of the art

2.5 Concluding remarks

This systematic review performed a comprehensive analysis of the literature on VM and then proposed a VM framework. This latter
structure the state of the art. It is composed of the following components: preprocessing, quality estimation, DD, an SDS, the up-
datability feature, the adaptability feature, a multi-stage architecture, machine control, and a fab-wide architecture. Each element
was defined in terms of its roles and importance. The detailed analysis performed revealed the following key findings:

. The use of nonlinear algorithms for dimensionality reduction and quality estimation is now the standard.

. Numerous high-potential approaches have been used for quality estimation. They bring new capabilities such as causali-
ty study for BNNs, automatic feature extraction for CNNs, uncertainty estimation, and simple updating for ensemble
methods.

. The drift rejection capability of VM is enabled by three essential steps: DD, the SDS, and updating.
. An event-based SDS should not be used because of its sensitivity to hidden contexts. A hybrid SDS should always be

used with VM.

. Three families exist for multi-stage architecture: serial, hub, and cascade architectures.

. Machine control based on VM is dominated by run-to-run approaches. Very few research studies have focused on real-
time solutions.

. Driven by the product-as-services trend, the latest research on fabrication-wide VM architectures has focused on cloud

implementation.

. CMP is the laboratory of VM, featuring all the newest approaches such as CNNs and BNNSs. It is also the bridge between
semiconductor manufacturing and other manufacturing domains.

. An increasing number of new VM industrial applications have been studied both for semiconductors and other manu-
facturing domains.

Beyond all of these considerations, VM-related research should be conducted on the different patterns illustrated by our study and
by the proposed framework. Numerous proofs of concept of VM applications in new industrial operations such as machining and
additive manufacturing, shows great research opportunity for new applications. The benefit of such a technology isn’t to prove
anymore. Considering the first research question, only one paper has applied VM to milling operation. Unfortunately, few infor-
mation is provided in term of materials and methods used. It shows great research opportunities. For the second research ques-
tion, the essential group proposed in the framework, which could also be called data-based maintenance, is shown to be a very
important topic in the future decade. VM cannot be sustainable in an industrial environment without a proper drift rejection capa-
bility. The research on this topic is scarce, certainly because efforts are focused on the development of simple industry 4.0. solu-
tions, illustrated as the core group in the framework, and not proper industrial solutions. As it is a fundamental aspect, maybe
some companies hied this part of the solutions to protect themselves from concurrence. In conclusion, the state of the art showed
great opportunity of research for VM application to milling machine. Those opportunities aligned perfectly with the research ques-
tions. In the next chapter the two research questions will be answered, thanks to case studies and simulations. In the chapter 3 the
focus will be made on the core group implementation. In the chapter 4, the essential group will be discussed.
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Chapter 3 Virtual metrology on milling ma-
chine

Product quality is crucial for every manufacturing company [16]. Existing solutions for ensuring quality are either expensive, such as
systematic measurement, or fallible, such as batch measurement. Therefore, the ability to estimate the quality of a manufactured
product has become one of the main objectives of Industry 4.0. Quality estimation has not only paved the way for zero-defect
manufacturing [6] but also enabled significant gains in productivity and product quality for some industries, including the semicon-
ductor industry [21]. Moreover, multiple European projects such as InterQ (which will end at the end of 2023) and Qu4lity (which
will end in 2022) highlight the industrial interest in quality estimation. Although solutions for quality estimation have already been
developed in precursor fields such as chemical engineering with soft sensors or semiconductors with virtual metrology (VM), tradi-
tional manufacturing fields such as machining lack such solutions.

In the last five years, VM studies have begun to target newer domains such as machining operations and additive manufacturing. In
metal additive manufacturing, the product quality highly depends on the melt pool variation. One study measured such variations
using a coaxial camera and other specific sensors [52]. Next, it performed feature selection with a triple-phase orthogonal greedy
algorithm to finally feed a feed-forward NN. This enabled the estimation of the surface quality and density of products. Few studies
have applied VM to machining operations. In 2016, a research group started to study quality estimation for milling operations
[125]. The group noted that the major difficulties of applying such a technology to machine tools were the low signal-to-noise ratio,
segmentation problems, and a high number of features. They proposed using wavelet preprocessing to reduce the noise in the
dataset. To solve the segmentation problem, they used the G-code in the machining program to trigger the measurement. The
researchers performed stepwise selection using a linear algorithm to select the most relevant feature. They measured the vibra-
tions using an accelerometer, and the current in the spindle. They used a NN to precisely estimate the geometrical quality. Based
on the presents author’s knowledge, the aforementioned study is the only time that VM has been applied to milling operations.

Based on the aforementioned studies, it can be concluded that although quality estimation has been studied in detail for various
applications, insufficient attention has been paid to other domains such as machining. To address this research gap which is linked
to the 1°t research question, two case studies were conducted in an industrial environment in which more than 1100 parts were
milled. Process data such as spindle power consumption were measured. Finally, using machine learning tools, the product quality
of each part related to the process data was gathered. The goal was to reach the best possible quality estimation accuracy on a
milling machine. To do so, two technical aspects were prioritized:

e  The data source, which data source to consider?
e  The synchronization method, how to synchronize the time series?

Each one of those technical questions where the subject of an independent case study, always keeping in mind the main optimiza-
tion criteria which was the model accuracy. Efforts were invested into the industrial usability of the case study, which motivates the
use of industrial machines on the shopfloor to qualify the quality estimation in the same manner as a coordinate measuring ma-
chine also located in the shopfloor. In the first section, the first case study is presented focusing on the data source selection. In the
second section, the second case study is presented. It is an enhanced version of the first case study focusing on the time series
synchronization. Finally, a discussion concludes this chapter.
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3.1 First case study: Data sources

The feature choice is a fundamental aspect of any data driven modelling projects. It is often constrained by economics or techno-
logical issues. In this section, the first case study is presented. The main goal being to find the features with the highest perfor-
mance. A special focus is also made on the quantity of necessary data and the best preprocessing and modelling algorithm. To
characterize the link between dimensional quality and process data, parts were milled on a computer numerical control (CNC)
machine with different cutting depths while the process data were recorded. Subsequently, the parts were measured. Finally, the
data were analyzed thanks to machine learning algorithms to extract existing correlations and being able to calculate the model
accuracy. This latter enables, to analyzed the different studied algorithms. First the materials and methods present the case study
design. Then the results are presented. Finally, they are discussed to extract conclusion from the case study.

3.1.1 Materials and methods

This sub-section first describes the materials used in the experiments, including the machines, the test parts, and the data sources.
Then, the methods are described, including the experimental design and the data analysis procedure.

3.1.1.1 Materials
This sub-sub-section describes all of the materials used during the experiments, including the test parts, machines, and programs.

3.1.1.11 Machines

Test parts were milled on a twin-spindle three-axis CNC machine. The main spindle milled the part and the auxiliary spindle cut it
with a saw. After sawing, the part was conveyored to a specific tray. The CNC machine was connected to a bar feeder for raw mate-
rial supply. The main spindle was equipped with a 4-kW synchronous motor. The milling of parts was performed with an end mill 6
mm in diameter.

After being milled, all of the parts were measured in a coordinate measuring machine (CMM) using four touching probes connected
in a diamond shape. Due to the evolving environment of the industrial shopfloor, the CMM was calibrated every 20 parts to correct
for potential deviations due to temperature and humidity changes as well as other external deviations. Calibration repeatability
errors were evaluated as under +2 um. Every part was manually deburred to avoid measuring chip stuck on the part.

3.1.1.1.2 Test part

For this study, a test part was developed. It was designed to provide a maximum number of test surfaces with different dimensional
tolerances as can be seen in the Figure 9. Each surface was designed to be large enough (5 x 2 mm) to be precisely measured by a
CMM once produced, but small enough to maximize the number of them. Moreover, as more than 500 parts were milled, it was
more convenient to start from a bar. The face on each side of the test bar had three surfaces with varying dimensional tolerances
and a reference surface, equaling a total of 12 studied surfaces and four reference surfaces. Only three studied surfaces were
placed on each face to prevent bias caused by bar flexion. Every studied surface differed from the next by 0.005 mm in a decreasing
manner. For instance, for 1 specific type of part, the face number twelve is milled 0.5 mm, the number 11 0.055 mm, ... Like so, the
range of the depth of cut studied goes from 1mm to 0.005 mm. The front face simply featured an engraved ID to ensure a link
between each part and the process data. The engraved ID was also used for its foolproof capability, enabling the identification of
every studied surface. The back surface was unused. The corner between each side face was not considered to conserve the same
surface size for all of the different parts with varying depths of cut. The test parts were made of stainless steel.
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ENGRAVING—

Figure 9: Perspective view of the test part. Note that the numbers are not engraved and are simply present in the image for the sake of comprehen-
sion. On the right of the part, the raw bar can be seen.

To machine the part, the CNC program of the main spindle started with a contouring operation where the squircle (a mix between a
circle and a square) was transformed into a square. This first operation also defined all four reference surfaces, thereby leveling all
of the faces. Then, in another example of the same tool, all of the 12 studied faces were milled in numerical order and in one pass.
All of the studied faces were milled with the same movement and position as their reference faces. Then, the part was deburred.
Finally, the part was engraved with an engraving tool.

3.1.1.1.3 Data selection
The physical equation linking the process variable to the depth of cut for milling operations is well known in the state of the art
(Equation 1). The equation variables are presented in the Table 13.
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Equation 1: Cutting power equation.

Table 13: Parameters of the power equation.

P, Spindle power A directly measured feature

ay Cutting depth The target

a, Cutting width Can slightly vary; measured using the x-axis

k. Cutting force coefficient Nonlinear in function of the cutting depth [129]
u Efficiency Source of noise

f Feed Constant

V. Cutting speed Constant

D Tool diameter Constant

Unfortunately, the equation presented above was not precise enough for the accuracy sought in this study. The cutting force coef-
ficient is the main source of accuracy loss as its exact definition is not well defined in the state of the art. It is found heuristically
most of the time. Although this equation may not be used as it is, it offers a hint about which variables should be studied: spindle
and x-axis states.

3.1.1.14 Data sources
Data were gathered from two independent sources. The first was an external high-precision power sensor connected to the main
spindle, which reached sub-watt sensibility. The second source was a sensor that read the numerical control (NC) bus, from which it
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extracted the power and intensity consumed, torque, measured position, and control tracking error of both the spindle and the x-
axis cart. Both sources gathered data at a high frequency of nearly 200 Hz.

To define the dimensional quality, the CMM measured 10 points on all of the surfaces. From those points, the flatness of the refer-
ence surfaces was first controlled to ensure unbiased results due to burred parts or touch probe measures altered by dust. Once
completed, all of the test surfaces’ measured points were projected onto their reference plan, and then the mean of each test
surface was calculated to determine the dimensional tolerances.

The data connection from the different data sources was fundamental. Both sources on the machine tool saved timestamps, ena-
bling them to be merged time-wise. The G-code corresponding to the engraved ID was also extracted, enabling the time-series to
be linked to the corresponding test part. During the measurement of dimensional quality, the ID of each part was manually inserted
into the measurement data file, which ended the solid link between the data sources (Figure 10).

Numerical Dimensional
command measurement

@ Engraved ID

Figure 10: Link between all of the data sources. The blue line represents a link created manually.

Power sensor

3.1.1.2 Methods
This section describes and explains the design of the experiment, data analysis procedure, and metrics used.

31121 Design of the experiments

To characterize the link between the process and dimensional quality, parts with different cutting depths from 0.005 mm to 1.1
mm were produced, using steps of 0.005 mm, to grid the depth of cut and the power consumption space. To do so, 16 different
types of parts with 12 cut depths were manufactured.

Two similar experiments were conducted to create unbiased training, validation, and test sets. In the first experiment, parts of
every type were produced 20 times each for a total of 340 parts. The second experiment was conducted the following day with new
tools, and there were only 10 identical parts for each part type. In total, 510 parts were produced, creating 6120 quality-process
couples. Next, 90% of the first experiment was used to train the algorithm and 10% was used for validation. To ensure generaliza-
bility of the results, the entire second experiment was used for the test set.

3.1.1.2.2 Preprocessing

All of the input data were standardized using the training set’s mean and standard deviation. Outliers were detected manually
through the planarity measurement of all surfaces. Indeed, the only outliers came from dust or burrs that the measurement sensor
touched, and they were removed from the testing and training sets.

To synchronize the two data sources, the power consumption of the spindle — which was measured by both of them — was com-
pared as can be seen in Figure 11. The beginning and end of each dataset (represented in the figure by the two crosses) were visu-
ally defined on both sources with the same constraints. First, the transient part of the signal was not considered to ensure that no
bias was introduced into the study. Indeed, depending on the surfaces’ positions, some took slightly longer to mill than others.
Therefore, if this zone had been taken into account, the model could have learned this specificity, thus biasing the experiment. The
second constraint was the systematic presence of some default on the extreme end of every surface due to material tearing. There-
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fore, this zone was avoided so that 110 points per surface were retained for the first data source and 300 were retained for the
second. Finally, the two sources of inputs were synchronized, which enabled a slight reduction of the overall dimensionality.

Mean power consumption over a face Mean power consumption over a face
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Figure 11: Mean power consumption over a face measured by the external power sensor (left) and the NC bus (right). The blue cross denotes the
beginning of the dataset, and the red one cross denotes the end.

3.1.1.2.3 Feature engineering

With 11 inputs regrouping a total of more than 1000 features for estimating the dimensional quality, reducing the dimensionality
was necessary. First, the dimensionality was reduced using expert knowledge. The power measured by the external sensor was
obviously retained as a feature. However, the selection of the feature from the NC required more attention. All the features are
classified in the Table 14.

Table 14: The different features of the second data source

AXxis x Axis spindle
Power Zero Already measured
Torque Feature Feature
Current Equal to Torque Equal to Power
Control error Zero Zero
Position Biased Biased

The power in the x-axis and the control error in the x- and spindle axes were fixed and therefore removed. The current always had
a linear correlation with the power or the torque over 99%, and thus, it was not retained. The position of the axis was biased for
the x- and spindle axes because it carried information that could lead to enhanced performance using the experiment bias and not
the studied process. Therefore, they were removed. The power measured by the internal NC sensor was not considered a feature
for finding the highest estimation accuracy. However, once the optimal feature set was found, it was compared with the external
spindle power sensor to quantify the performance without the external sensor investment. Finally, two features were retained
from the second source, ensuring a total size of 300 each when the time-series size was taken into consideration. With a total
feature size of 700, the dimensionality still required further reduction. Indeed, the estimation accuracy could have been harmed if
there were too many features related to the number of examples. To deal with this problem, two feature extraction algorithms
were tested, namely principal component analysis (PCA) and autoencoder (AE).

PCA extracts the feature space based on an orthogonal linear projection of the initial features along the eigenvector explaining the
greatest amount of output variance. Dimensionality reduction is conducted by selecting the number of eigenvectors to retain. To
select them, the amount of explained output variance is used as a metric and bounded by a heuristic threshold, which was defined
as 99% for this study. As presented in the state of the art, PCA is very commonly used for feature extraction for quality estimation
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[130]. Its popularity is due to its simplicity of use. AE is a NN based on an unsupervised algorithm, which aims to learn a dimension-
ally reduced representation of the feature space. To do so, it is composed of an encoder that reduces the dimensionality as well as
a decoder that attempts to reconstruct the initial signal from the encoder’s output. In doing so, it ensures the preservation of the
most relevant aspects of the data. Its main advantage compared with PCA is its nonlinear capabilities. As discussed in Chapter 2,
the use of AE started in 2019 with two studies that proved the efficiency of this approach [131]-[133].

To find the most effective combination of features, all seven possible source combinations were generated with and without the
different feature extraction algorithms for a total of 28 preprocessed datasets. From those datasets, the lowest mean absolute
error (MAE), the most important features, the highest-performing feature extraction algorithm, and the most accurate regression
algorithm were determined.

3.1.1.24 Data analysis algorithms

Once all 28 datasets had been produced, they were all tested with three types of algorithms: linear algorithms, multi layer percep-
trons (MLPs), and convolutional NNs (CNNs). In addition to machine learning good practices, the use of linear algorithms was moti-
vated by the linear Equation 1.

Two linear algorithms were compared, namely multi-linear regression (MLR) and elastic net. MLR is the most basic linear regression
algorithm. It is very simple and fast but may be susceptible to instability. It is a very common approach when estimating quality.
Elastic net is a regularized version of MLR including both L1 and L2 regularization. The ratio between L1 and L2 is a hyperparameter
and was grid searched in this study. For extreme ratios, elastic net becomes Lasso or ridge regression, which are both typical for
regression in general. The main motivation for testing elastic net was its regularization capability and its greater stability compared
with MLR.

To take the planned nonlinearity into consideration, MLPs were used. As, presented in Chapter 2, they are by far the most used for
nonlinear quality estimation in state-of-the-art VM [130]. Finally, CNNs are a supervised family of NNs able to learn and optimally
filter when applied to features. A CNN can extract latent variables and reduce the input noise. Often used for image recognition,
CNNs have recently been used to perform time-series applications in VM [60], [130], [134]. Noteworthily, a CNN can perform fea-
ture extraction if there are a sufficient number of examples to tune it. However, when examples are scarce, such as in the present
study, PCA can be applied upstream [135].

All of the parameter algorithms were optimized with the training dataset; the hyperparameters were tuned with the validation
dataset; and the final metrics characterizing each algorithm were calculated using the test dataset. For MLPs, to deal with the initial
weight variation, every model architecture was built hundreds of times with randomized weights, ultimately retaining the highest-
performing model on the validation set.

An agnostic approach, which does not use inputs, was also employed to quantify the information extracted from the different
features. To do this, the estimation was always set to the mean value of the output.

3.1.1.2.5 Metrics
The main metric used to represent the estimation error is the MAE. With the benefit of conserving units, it simplified the results
analysis. It was used as a basis for tuning the models and selecting the best one.

n
1
MAE=—Z"— ;
- _Iyl il
L

Equation 2: Mean absolute error.
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The other metric used was the minimum measurable tolerance interval (mTl). Commonly used by every manufacturing company,
the 1SO norm 22514-7 [136] provides a basis for qualifying new measurement systems. Through simple adaptation to make the
norm compatible with virtual measurement systems, the mTI can be calculated using the following equation:

mTl = 4% 60
Equation 3: Minimum measurable tolerance interval.

To do so, residual Gaussianity is assumed, and six standard deviations of the estimation error is considered times a constant that
can evolve depending on industries. This constant has been set by industrial experts.
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3.1.2 Results

Table 15 present the MAE of the training, validation, and test sets in functions of feature combination, feature extraction, and
regression algorithms. As discussed previously, the test set was built to qualify a good extrapolation of the proposed results. This is
why all the results are compared in terms of their accuracy on the test set. The agnostic algorithm results are also presented in
Table 15.

Table 15: Mean absolute error results in mm.
P: Power, xT: x axis torque, sT: spindle axis torque. Numbers in bold denote the optimal result of the feature based on the test set performance.

Raw data PCA data AE data
Train Val Test Train Val Test Train Val Test

Linear 0.0292 0.0325 0.0283 0.0309 0.0309 0.0295 0.0306 0.0323 0.0295

P MLP 0.0171 0.0171 0.0193 0.0171 0.0167 0.0190 0.0166 0.0171 0.0192

CNN 0.0166 0.0169 0.0189* - - - 0.0196 0.0197 0.0209

Linear 0.2267 0.2314 0.2394 0.2295 0.2201 0.2201 0.2137 0.2170 0.2459

xT MLP 0.2374 0.2410 0.2651 0.0870 0.1396 0.2354 0.0457 0.1242 0.2188
CNN 0.1781 0.1899 0.2701 0.0672 0.1156 0.2166 0.0501 0.1424 0.2465

Linear 0.0283 0.0325 0.0315 0.0306 0.0325 0.0311 0.0239 0.0231 0.0254

sT MLP 0.0104 0.0155 0.0236 0.0110 0.0166 0.0235 0.0132 0.0171 0.0242
CNN 0.0145 0.0145 0.0325 0.0143 0.0168 0.0300 0.0135 0.0180 0.0230

Linear 0.0273 0.0311 0.0298 0.0301 0.0304 0.0293 0.0274 0.0283 0.0269

P, MLP 0.0106 0.0156 0.0222 0.0132 0.0163 0.0214 0.0136 0.0167 0.0206
xT CNN 0.0133 0.0153 0.0207 0.0131 0.0180 0.0253 0.0148 0.0173 0.0230
Linear 0.0271 0.0326 0.0295 0.0302 0.0320 0.0295 0.0179 0.0180 0.0207

P, MLP 0.0119 0.0159 0.0220 0.0145 0.0163 0.0206 0.0121 0.0174 0.0237
ST CNN 0.0138 0.0147 0.0269 0.0134 0.0165 0.0284 0.0143 0.0182 0.0228
Linear 0.0261 0.0325 0.0329 0.0311 0.0326 0.0318 0.0213 0.0210 0.0250

xT, MLP 0.0045 0.0153 0.0341 0.0100 0.0175 0.0375 0.0124 0.0170 0.0327
ST CNN 0.0129 0.0139 0.0296 0.0103 0.0191 0.0529 0.0144 0.0203 0.0396
P, Linear 0.0297 0.0330 0.0348 0.0311 0.0326 0.0318 0.0212 0.0219 0.0250
xT, MLP 0.0098 0.0158 0.0222 0.0157 0.0167 0.0256 0.0128 0.0170 0.0264
sT CNN 0.0108 0.0137 0.0334 0.0120 0.0189 0.0560 0.0145 0.0183 0.0241

Agnostic alg. 0.2580 0.2376 0.2626 - - - - - -

For the regression algorithm, nonlinear approaches achieved better MAEs than linear ones. This reinforced the proposition of the
researchers in [129], who stated that the specific force coefficient is known to be nonlinearly correlated with the radial cutting
depth. For the nonlinear algorithms, both the NN and CNN performed better depending on the case.

In terms of features, the power estimated thanks to the external sensor measurement had the best performance with a MAE of 18
pum. One could remark that adding more features to the power did not enhance the MAE. Looking at the agnostic results, the
torque of the x-axis was the only one that did not hold much useful information. With the optimal preprocessing algorithm, the
other feature combinations had MAEs approximately 13 times better than the one of the agnostic approach, demonstrating effec-
tive information extraction. It was also interesting to compare the power measured by the external sensor with the power meas-
ured by the internal one. Unfortunately, the second one held less information and could not achieve an accuracy greater than 25
pm.

Figure 12 presents the CNN estimation of the dimensional quality based on the raw power measurement. Along the abscissa axis
are all of the examples of the test set. One could remark that the performance was not homogeneous over the different cutting
depths. For cutting depths over 0.78 mm, the MAE was slightly higher. Moreover, it was also higher between 0.43 and 0.47 mm. By
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contrast, when the error was smaller, the MAE dropped from 18 to 13 um. As explained before, 16 different types of parts were
produced, each with a different dimensional quality, to grid all of the research space. This explains the levels in the figure.

CNN estimation based on raw power on the test set
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Figure 12: Test set of raw power estimated by the CNN model.

Zoom on CNN estimation based on raw power on the test set

0.37
E
— 0.32
>
=
©
=
o
— 027
o
c
o
o
w
o=
o 022
[m]

0.17

e eSI5e093ToR830S 88398888388
Lo I I B e B B B B I I i e I I e B

Examples number
= Quality estimation — == Measured quality

Figure 13: Zoom-in on the test set of raw power estimated by the CNN model.

Also, interesting to note is that good performance on the validation set is not always correlated with good performance on the test
set. To characterize the impact of the training set size on model performance, it was reduced from 90% (3044 points) to 1% (34
points) while the test set’s MAE was recorded. For every training set size, 20 datasets were sampled to build statistics. The optimal
combination of feature, preprocessing, and regression algorithms, namely a CNN with raw power measurement, was used to obtain
the test set’s MAE. The results are presented in Figure 14. Surprisingly, the MAE increased slowly, providing suitable results with
few points. After 34 points, the MAE started to increase exponentially. It was not added on the graph to maintain the scale. Nota-
bly, the max-min range increased by stepwise after 1691 and 676 points.
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Figure 14: MAE of the test set for different size shuffled training dataset.

The mTI of the optimal model in terms of power consumption was 0.56 mm globally and 0.29 mm when cutting passes smaller than
0.43 mm. For comparison, the optimal accuracy without the external sensor was provided by the spindle torque preprocessed with
an autoencoder, which had an overall mTIl of 0.68 mm.

3.1.3 Discussion

The external sensor provided the optimal features. This could be explained by both the higher sensibility and precision of this sen-
sor compared with the other ones, and also by its hidden inner filter layer, which could not be removed for practical reasons. Add-
ing other features only increased the MAE, which could be explained by the overly small dataset size. One might extract the infor-
mation of all of the features together by conducting the same experiment with a higher number of examples. In conclusion, under
similar conditions, investment in a high-precision external sensor may decrease the MAE of 4 pum or the mTI of 0.39 mm, which may
be required for high-precision industries, such as the automotive or aerospace industries.

The optimal performance was achieved with the CNN using raw power data. Depending on the studied depth of cut, the CNN
achieved at best an accuracy of 13 um with an overall mean of 19 um. This variance is explained by two zones. First, at a high cut-
ting depth, the dynamic seemed to change, which could be explained by higher vibrations. Second, between 0.43 and 0.47 mm, the
performance dropped inexplicably. This drop occurred in the second experiment used for the test set, but it did not in the first
experiment. This seemed to be an outlier as all of the points that were more difficult to estimate were produced together. Howev-
er, as the source of this problem was not recorded during the experiment, the removal of those points could also mask a more
serious underlying issue. Further investigations are required to ascertain the source of this complication in order to discard it. Ac-
cordingly, the optimal performance was determined to be 13 pm when the cut depth was under 0.43 mm, and 19 um otherwise.
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Following the adaptation of the ISO 22514 norm, the optimal mTl was 0.29 mm. It must be noted that the qualification of the con-
trol process is a strict process, which explains the importance of the gap between the MAE of the estimation and the final mTI that
can be measured with the model. Using this industrial metric instead of using only machine learning ones ensures the industrial
veracity and usability of the proposed results. It must also be highlighted that the CNN took longer to train than the basic NN, and
that because the performance of PCA + NN was very close, it should be considered if calculation power limitations exist.

In addition, it was interesting to note that high performance on the validation set was not always correlated with good perfor-
mance on the test set. As the test set was from the second experiment and the validation set was from the first experiment, this
observation can be explained by the first experiment’s overfitting. This definitely lowered the accuracy and could have been re-
duced further if the datasets were larger, and also if the training and validation sets were not sourced from the same experiment.
This behavior at least highlights the generalizability of the proposed results.

Under the experiment conditions, Figure 14 highlights that good model performance was obtained with 1691 examples, which was
still 6 um higher than with the full dataset. With fewer data points, the min-max range started to increase. Taking this into consid-
eration, if one wanted to implement the same system with a smaller dataset, this would risk a higher MAE. Good performance with
few points highlights that the learned model may have a limited degree of freedom. It must be noted that the actual study was
performed using a large range of cutting depths. As the model did not perform uniformly, some differences existed in the dynam-
ics, which may require slightly more points to be dealt with. For instance, if the known variation around the mean of a given prod-
uct is 40 um, then the studied range may be defined as 60 um, which is far smaller than this study’s range and may increase the
dynamic uniformity as well as decrease the number of points required. As discussed previously, these results do not mean that
increasing the dataset size will not significantly enhance the model performance; it simply offers a view on the performance in this
operating window of training set size. Finally, even if the results can be used as a baseline, the effective dataset size is often case-
dependent and must be optimized on a case-by-case basis depending on the system and required tolerance.

Increasing the number of experiments would be interesting to capture more long-term potential drift as well as to characterize the
generalizability and robustness of the proposed model. However, it must be taken into account that quality estimation cannot be
entirely generalized with a system as complex as a machine tool. Indeed, the sources of deviation, namely the hidden variables
impacting the quality, are numerous and time dependent. Knowing this, the quality estimator must be updated regularly to consid-
er the system evolution [130]. This topic is discussed in the Chapter 4.

The transient parts at the beginning and end of the power signals certainly carry information that was ignored in the experiments
because of the experiment design. It has motivated the organization of a second case study with a modified test part enabling the
use of the transients. More generally, this second case study was the opportunity to focus into an important aspect of machine tool
VM: time series synchronization.

3.2 Second case study: Synchronization methods

The second study focused on the synchronization methods. As it was following the first one, the test part design could have been
enhanced. More than 600 parts were milled and measured in the same industrial environment. The machine tool’s spindle power
was measured. In contrast to the earlier experiment, this time, the full signal was considered, including its transient and steady
parts. Even though it is sometimes ignored in VM applications, the transient part of the signal has been shown to carry important
information. Some researchers have proposed a new feature extraction algorithm for semiconductors, tailored for 300-mm fabs,
which has the particularity of extracting information from both the transient and steady parts of a time series [41]. This succeeded
in improving the accuracy of the industrial VM model. Including the full signal, however, raised the new problem of how to syn-
chronize the signals. Indeed, data coming from the shopfloor are prone to synchronization problems. One could note that using a
wavelet transform could have helped those authors solve their synchronization problem. This remains a problem for VM applica-
tions in milling but also for more developed research domains such as soft sensors. Indeed, it is considered one of the main chal-
lenges to soft sensor solutions [137]. There are three state-of-the-art families of synchronization algorithms [137]. Firstly, there are
indicator-variable techniques based on a measured or computed variable that is tracked and synchronized across the different time
series. As explained above, an earlier study applying VM to a milling machine applied an indicator-variable technique based on the
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G-code used in the machine tool’s milling program [125]. Secondly, curve registration techniques synchronize some of the features
of a times series, such as steady-state values. Some researchers have synchronized bell-shaped curves to forecast a building’s elec-
tric load. They used a specific curve registration and got far better results with it [138]. Finally, dynamic time warping is a distance
similarity metric that can be used to align time series by transforming them. However, it can simply be used for clustering or classi-
fication. One research team has developed a specific synchronization algorithm for soft sensors, known as KerDTW. Using the ker-
nel trick and dynamic time warping, they managed to synchronize the batch trajectories of a penicillin fermentation process. They
then used a relevant vector machine to do the classification [139]. In addition to these three methods, other approaches are con-
sidered outside the current framework of what constitutes the state of the art. The moving window algorithm, for instance, can
mitigate synchronization errors while reducing the noise in the data. In soft sensor applications, one study compared different
moving windows for synchronization and highlighted their good performance [140]. CNNs could also help to synchronize data.
Indeed, although a simple low-pass filter brought by a moving window can prove good results, a CNN can train its own non-linear
filters.

In the research described below, an indicator variable technique has been used, over which we compared curve registration, mov-
ing window, data quantization, wavelet transform, and CNN algorithms to find the best synchronization approach. This second case
study had two objectives, quantifying optimal performance by considering the full-power signal; and comparing several ways to
synchronize the spindle-power time series. As for with the first case study, great efforts have been made to ensure the industrial
usability of this case study, which is why we used industrial machines on a shopfloor. First the case study is described in depth.
Then the results are presented. Finally, they are discussed.

3.2.1 Materials and methods

To fulfil our goal of characterizing the link between the dimensional qualities of the parts milled and process data, we employed a
computer numerical control (CNC) to cut different depths and we recorded the process data. The milled parts were subsequently
measured. The data were then analyzed to extract any correlations. The subsections below describe the materials, machines, test
parts, data sources, methods used, the experimental design, and the data analysis procedure.

3.2.1.1 Materials
The subsections below describe the experiments performed and the materials used in them, including the milling machines, their
programs and the test part produced.

3.2.1.1.1 Machines

As in the first case study [141], the test parts were all milled on the same twin-spindle, three-axis CNC, with the same bar feeder.
The main spindle was equipped with a 4-kW synchronous motor. The milling cutter tool used was an end mill with a 6-mm diame-
ter.

After being milled, all the parts were also measured in a coordinate-measuring machine. Because of the many factors that can
change the environment on a shopfloor (e.g., temperature and humidity deviations, vibrations), we recalibrated the coordinate-
measuring machine each time 20 new parts had been milled. We estimated calibration repeatability errors to be under +2 um.
Every milled part was deburred manually.

3.2.1.1.2 The test part

A stainless-steel test part was developed specifically for this study (Figure 15). It was designed to provide a maximum number of
test surfaces, each with different dimensional tolerances, and to decorrelate the depth of cut on each face studied with that of its
perpendicular neighbor. This was an issue in our previously published study, as it was possible to infer the dimensional quality
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simply the time length of each face. As can be seen in the Figure 15 on the left panel, cutting a deeper face A will reduce the time of
cut of face D. To deal with this bias, only a small portion of the time series was considered. The present study explored the full
signal. The face on each side of the test bar had five surfaces with varying dimensional tolerances and a reference surface, equaling
a total of 10 studied surfaces and two reference surfaces. Five study surfaces were added on each side to prevent part flexion. The
reference surfaces were enlarged to reduce any lever effects that might increase the measurement error on the more distant sur-
faces studied. Each subsequent surface studied was milled to differ from the next becoming 0.005 mm shallower in a decreasing
manner. For instance, for one specific type of part, its first face was milled 0.5 mm, its second face was milled 0.055 mm, and so on.
Thus, the cut depths studied ranged from 0.5 mm to 0.005 mm. An ID number was engraved into each part milled to ensure the link
to its process data. This was a failsafe and foolproof method of ensuring that every studied surface could be identified.

Surface ref. A Surface ref. A— }

ENGRAVING— ENGRAVING—| |

\ ~ ‘—Surface ref. D

Figure 15: Perspective views of the old test part (left) and the new test part (right). Note that the numbers are not engraved and are simply present
in the image for comprehension. Although hidden in this view, the left part has a second reference surface and five other studied surfaces under it.

The first milling operation levelled the studied surfaces and the reference face together. Next, all 10 studied surfaces were milled in
one pass. All the studied surfaces were milled using the same machine movement and position as their reference surfaces. Once
the part had been manually deburred, it was given an identification number using an engraving tool.

3.2.1.1.3 Data source

This study only examined the power consumed by the machine’s spindle. The first case study had shown that power measurement
was the most accurate means of estimating a parts dimensional quality [141]. These data were recovered from an external, high-
precision power sensor with sub-watt sensitivity connected to the main spindle. Data were measured at a high frequency of nearly
200 Hz.

To define the dimensional quality, the CMM measured 10 points on each surface, studied and reference ones. Using those points,
the reference surfaces’ flatness was given an initial verification to ensure that burrs or dust would not bias the results or affect
probe measurements. The test surfaces’ measured points were then projected onto their reference plan; the mean measurements
for each test surface were then calculated to establish dimensional tolerances.

3.2.1.2 Methods
This section describes and explains the experiment’s design, the data analysis procedure, and the metrics used.

3.2.1.2.1 Experimental design

To characterize the link between the process and dimensional quality, the parts produced were cut to depths ranging from
0.005 mm to 0.5 mm, using steps of 0.005 mm, in order to grid the depth of cut and the power consumption space. In other words,
all the research space is visited from 0.5mm to 0.005mm with a step of 0.005mm. To do so, we manufactured 10 different types of
parts, each with 10 cut depths.
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Contrastingly with the first case study, three similar experiments were conducted to create unbiased training, validation, and test
sets. In the training experiment, 25 of each of the 10 types of parts were produced for a total of 250 parts. The validation experi-
ment was conducted on the following day with new cutting tools but with only 20 versions of each part type. In the test experi-
ment, each of the 10 part types were produced 15 times. The total of 600 parts produced created 6000 quality—process couples.

3.2.1.2.2 Preprocessing

As is commonly done for VM, all the input data were standardized using the training set’s mean and standard deviation [63]. Outli-
ers were first detected using the planarity measurements for all the surfaces, and these were then removed manually. Our research
considered the full time-series generated by each measurement; from the moment the tool touched the part to the moment it was
disengaged. Due to sampling and central processing unit priority issues, the time series were not all the same length. Moreover, the
position of the curves on the time series varied, inducing features shift. First, the sensors listened to the bus of the numerical com-
mand, tracking specific milling program G-code to start or end the measurements. Many external sensors work this way with the
numerical command. This method is part of the indicator-variable family of approaches, which certainly reduce the synchronization
error but not totally in some cases, including ours [142]. A second synchronization step was needed, for which this study consid-
ered multiple solutions.

We began by studying a slope curve registration technique. As all the signals were bell-shaped, they were synchronized using heu-
ristic stacking, either at the beginning or the center of the bell. The left-hand panel of Figure 16 shows the beginning synchroniza-
tion, which tries to stack the signal from the moment the cutting tool touches the part. It synchronized high-frequency waves. The
right-hand panel shows the centering synchronization, which synchronized bell curves themselves by centering them. Secondly,
low-pass filters with different cutting frequencies were studied for their capability to average the shifts [140]. Figure 17 illustrates
the two cutting frequencies studied. The filter with a higher cutting frequency will reduce the noise and the synchronization error
but will reduce the overall information in the signal. They were implemented thanks to the mean of squared moving window. The
moving window was applied on the centered, synchronized curves and not the left synchronized dataset as the high-frequency
wave would have been damped by the low-pass filter. Wavelet preprocessing has already proven its efficiency in VM for milling
operations [125]. Initially used for dealing with noise because it transformed the data in the frequency domain, wavelet prepro-
cessing can also cancel potential data shift. Out of the multiple wave types tested, Gaussian-1 performed best. Also, due to its shift-
invariant capability, we used the continuous wavelet transform tool. Finally, numerous papers have applied statistical data quanti-
zation to reduce dimensionality but with the risk of deleting useful information. As presented in chapter 2, the typical statistical
metrics used are the minimum, maximum, and mean values of a time series [40], [130]. Some research has shown that they can be
complemented by other metrics [118], such as rise time [41], [42] or the bell size. The present research used the mean, minimum,
maximum, rise time, and bell size to transform the curves into five metrics.

training set synchronized in the left training set synchronized in the center
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Figure 16: Training set synchronization examples. One is synchronized to the left (left panel) and the other is synchronized to the center (right
panel).
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Moving window based on center synchronization Moving window of size 80, based on center synchronization
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Figure 17: Different moving-window sizes.

To find the most effective preprocessing approach the datasets have been duplicate for each preprocessing options, then all the
regression algorithms except the CNN algorithm were tuned independently on all the datasets. Because a CNN learns its own filters,
it was only tested on non-synchronized data. Moreover, data augmentation is a common approach for helping the optimization
algorithm understand that the signals could be shifted [143]. Every training data point was duplicated and randomly shifted. Finally,
the test set’s Mean Absolute Error (MAE) of all the judged solutions was then compared to assess the most performant prepro-
cessing and regression algorithm pair on milling machine VM task.

3.2.1.23 Data analysis algorithms
Comparably with the first case study, four regression data-based algorithms were compared: multilinear regression (MLR), partial
least square (PLS), multilayer perceptrons (MLPs), and convolutional neural networks (CNNs).

More stable than MLR, PLS enables a substantial reduction of dimensionality by transforming the features [144]. The most common
linear approach is PLS, and MLPs are by far the most common algorithm used for non-linear quality estimation [130].

In the present research, a classic MLP was optimized thanks to Adam optimizer which is one of the most commonly used optimiz-
ers. Weight adjustment and early stop have commonly been used in VM to reduce overfitting [131], [135]. In this study, the MLP
studied was designed considering architecture size from 1 hidden layer to 4 hidden layers.

In the present study, a CNN was used with a skip connection and a zero gate, which smoothed the optimization [145]. CNNs can
begin by learning a linear representation of the model, which makes sense when we look at the performance of linear model of the
first case study [141].

We optimized all the parameter algorithms using the training dataset. The hyperparameters were tuned using the validation da-
taset and a grid-search methodology for the rough part. Optimization continued manually to refine and extract the best set of the
hyperparameters, as often implemented in VM applications [120], and the test dataset was used to calculate the final metrics
characterizing each algorithm. Hundreds of architectures for each model were built, with randomized weights, to help the NNs deal
with the initial variations in part weight. The best performing model was ultimately retained for the validation set.

An agnostic approach using no inputs was also used to quantify the information obtained from the different features. The neces-
sary estimation for this was always set to the mean output value.

3.21.24 Metrics
The main metric used to represent the estimation error is the MAE, already presented in the first case study.
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3.2.2 Results

Table 14 presents the MAEs of the test sets using different function synchronization methods and regression algorithms. As dis-
cussed above, the industrial test set was built to validate a good extrapolation of the proposed results. This is why all the results are
compared in terms of their accuracy on the test set. The agnostic algorithm result is also presented.

Table 16: Mean absolute error results of test set in mm.

Regression | No sync Left sync Center Moving Moving Wavelet Data qua-
data-based sync window 40 | window 80 | transform | ntization
algorithms

Linear MLR 0.033275 0.03433 0.03427 0.029849 0.029151 0.030710 | 0.031714
PLS 0.029098 0.033472 0.033671 | 0.025376 0.027433 0.025324 | 0.028318

NNs MLP 0.026171 0.017976 0.02091 0.017003 0.018067 0.018780 | 0.020030
CNN 0.014443
CNN + DA 0.018791

Agnostic 0.114577

All the algorithms tested outperformed the agnostic approach by a factor of at least three. Non-linear approaches to the regression
algorithm resulted in better MAEs than the linear approach, supporting the findings of the first case study [141]. This had, in turn,
bolstered support for earlier researchers [129], who had indicated that the specific force coefficient was known to be correlated
non-linearly with the radial cutting depth. For linear algorithms, PLS always achieves better results than MLR. With a best MAE of
25.324 um, PLS gave less accurate results than in the first case study [141]. For non-linear algorithms, CNNs do better than MLPs,
giving the overall best MAE of 14.443 um. The data augmentation did not improve the CNN filters to deal with the shifts. In terms
of synchronization, linear approaches performed better when using heavier preprocessing, such as a low-pass filter using an 80-
time-step window and wavelet transform. MLP does better with lighter preprocessing, like a low-pass filter using a 40-time-step
window. CNN work better without pre-synchronization. As to curve registration methods, left synchronization seemed to be more
effective than centered synchronization. However, on its own, the synchronization does not seem to be precise enough, as all of
the trained models performed better when using other preprocessing steps. Using data quantization as input ensured high feature
reduction but removed too much information.

Figure 18 presents the best CNN estimations of the parts’ dimensional quality. The test-set parts’ engraved numbers are visible
along the horizontal axis. The results were more or less homogeneous at each different cutting depth. Sixteen different types of
parts were produced, each with a different dimensional quality, to grid all of the research space, and be able to force the regression
algorithm to generalize its model from 0.5mm to 0.005mm. It explains the levels in the figure. A drop can be seen in place of the 9t
lot of produced part. Indeed, the acquisition software failed during this particular lot of the experiment. As the tests were done in
an industrial environment, access to the milling machine was limited, explaining why this batch could not be produced again.

54




Virtual metrology on milling machine

CNN estimation on test set
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Figure 18: Test set estimated using the CNN model.

The training residual of the best CNN model on the training set is plotted in Figure 19. With a mean of 0.0044 mm, the residual is
nearly perfectly centered, showing low bias. The standard deviation of the training set residual was 0.0110 mm, and the training
set’s MAE was 0.0094 mm. The Shapiro—Wilk test gave a p-value of 0.000004, showing that the residuals were not normally distrib-
uted.

CNN train residual histogram

Figure 19: Histogram of training set residuals from the best CNN algorithm.

400

350

300

250

200

15i

[}

100

[
(=]

[-0.05, -0.05] |
(-0.05, -0.04]
(-0.04, -0.04]
(-0.04, -0.03
(-0.03,-0.03
(-0.03, -0.03
(-0.03, -0.02
(-0.02, -0.02]
(-0.02, -0.01]
(-0.01, -0.01
(-0.01, -0.01
{-0.01, 0.00]
{0.00, 0.00]
(0.00, 0.01]
(0.01,0.01]
(0.01, 0.02]
(0.02,0.02]
(0.02,0.02]
(0.02, 0.03]
(0.03, 0.03]

3.2.3 Discussion

The best dimensional quality estimation results from our experimental milling operations were achieved by a CNN, supporting the
first case study conclusion [141]. Analysis of the residuals presented in Figure 19 revealed that the model seems unbiased. The
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CNN’s preprocessing ability enabled it to fit filters that assumed the roles of data synchronization and noise removal, two aspects
which this study highlights. Indeed, most of the approaches did better with a low-pass filter than without. Noise removal and syn-
chronization-error reduction are both advantages of a low-pass filter. The CNN design used a batch norm and a small network of
five convolutional-maxpool layers. Even if theoretically applicable, the re-zero used did not actually improve the model’s accuracy.
This might be explained by the network’s small size. Data augmentation was used to indicate the network’s synchronization issue.
However, the information generated seemed to be less than the noise introduced into the data as it reduced the CNN’s accuracy.
The MLP was the second-best performing approach tested, and it worked best with the 40-time-step moving window—the 80-
time-step moving window seemed to start reducing non-linear information from the data. The MLP was very sensitive to the syn-
chronization issue. Indeed, its MAE without synchronization preprocessing was its worst. In state-of-the-art VM, the MLP is the
favorite non-linear estimation algorithm [130] and it should never be used without proper time-series synchronization. Although
linear approaches performed better than the agnostic approach—which highlights just how much information they grasped—they
underperformed compared to their non-linear relatives, from an important MAE margin of 10 um. However, their fast prototyping-
time and high data efficiency could motivate their use in some very particular cases. Otherwise, our general recommendation
would be to use CNN for milling VM regression estimation. PLS and MLR are both remain very common as discussed in the chapter
2 [130]. The advantages of PLS over MLR, in terms of results, can be explained by its feature reduction capability. Moreover, the PLS
capability of projecting the data into a new space could also attenuate the synchronization problem. This latter could explain why
PLS is one of the approaches that performs better without synchronization than it does with left or center synchronization. In gen-
eral, comparing left and center synchronization, left synchronization showed better results, highlighting the role of the high-
frequency waves in the synchronization task. Our moving window results, however, showed that high frequency small waves did
not contain much information in our specific case. Curve registration performed well for milling operation synchronization. The
wavelet transform is also an interesting candidate as it is the only approach that has been applied to a similar application [125].
Wavelet transform provides the best linear performance with PLS; however, in this experiment, it does not perform as expected
with non-linear algorithms. It must be underlined that wavelet transform, while enabling transient frequency transform, is very
non-convex and complicated to tune. It remains an interesting approach to consider if enough computational power and time are
available. Finally, our statistical quantization of the data was driven by this approach’s use for other applications, as the one pre-
sented in chapter 2 [130]. The use of simple statistical means, maximums, and minimums as features did not perform well, which
prompted our inclusion of more advanced statistics, inspired by control theory metrics. Although reducing 700 features to just 5
increased data and time efficiency, this significant feature reduction also removed some important information from the data,
leading to poor accuracy when using both linear and non-linear approaches. Compared to our first study, the present one high-
lighted the importance of the information carried by the transient parts of the dataset. In future implementation of VM for milling
operation, the full time series signal should always be considered, and the data synchronization and noise removal processes
should also be planned.

It was interesting to note the significant divergences between the different datasets, highlighting the complex behavior of real-
world industrial production systems. This does not only imply the means of production themselves—composed of a multitude of
motors, compressors, and controllers—but also highlights the overall industrial environment, including numerous other production
machines in the surroundings, vibrating slabs, and so on. In the training and tuning process, the environment often induced exper-
imental overfitting, which has to be closely monitored. Highlighting the importance of producing dataset coming from separate
experiments to avoid overfitting issues. This divergence between the different experiments, even if reducing the overall best accu-
racy presented, underlined the generalizability of our results. By demonstrating the presence of multiple concept drifts on a single
shopfloor, in the era of the Industry 4.0, VM models need to be robust and flexible enough to remain accurate and undergo updat-
ing when necessary [130]. Even though this was not the main focus of the present research, its results also reflected this necessity.

3.3 Concluding remarks

The proposed case studies achieved to estimate the dimensional quality of a test part with a descent accuracy. Answering to the
first research question, it can be seen as a first proof of concept that VM can be applied to industrial milling operation. Built during
the second case study, the best performing model did achieve an MAE of 14.4 um over the full studied range which is an improve-
ment of 23.8% compared to the first case study. The solution could be applied like it is, if the acceptable measurement error corre-
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sponded to the MAE presented correspond to the company tolerances. The proposed solutions used a large, 0.5 mm window of
dimensional quality, which gave greater importance on model generalizability than on model pure accuracy. Indeed, if this ap-
proach were industrialized, variations in quality would surely be 5-10 times lower, which foresees even better accuracy in the
future. One of the main limitations to further decreasing MAE seems to be sensors themself. The error propagation is illustrated in
Figure 20 .Using the causality modelization methodology defined in the Chapter 4, it shows the potential sources of error. S, repre-
sents the measurement error of the quality Q. From the CMM requirement and our calibration, S, has a repeatability of 2 um. 5
regroups the effects of all the latent variables present in the equation linking quality and spindle power consumption. The first case
study showed that the inbuilt sensors in machine tools are often not precise enough to estimate dimensional quality [141]. External
data sources might have a positive impact on MAE and reduce S,. Finally, Sp represents the power sensor measurement error. It is
difficult to quantify the impact of S, and S, but we know that if S, = £2pum then pm Sy + S, & 10 pm, assuming that the model
extracted all the possible information. One could also point out that S, had a major impact compared to S,,. The Equation 1 give a
rough idea about the sensor resolution needed. In the proposed case study configuration, a depth of cut of 1 um will induce a
change in the spindle power of roughly 1 watt. The external power sensor, with a spindle of 32Kw, have a resolution of 0,5 watt
which is way enough considering the usage of a spindle of 4Kw. Similarly, with a precision of 0.4watt, the error contribution of S,
can safely be capped at 1um . Moreover, the difference between the successive experiment, of both case studies, are important,
highlighting the impact of S,. Most of the effort should be driven on the reduction of Sy, by measuring, as it has been made with
spindle power, other variables with high precision.

Figure 20: Directed graph of the VM problem, showing the different sources of error. @ is the dimensional quality. @,, is the measured dimensional
quality. P is the spindle power usage. P, is the measured spindle power usage. S are source of error due to latent variables.

Finally, how NNs were initially weighted was an important factor in convergence, forcing all the hyperparameter groups to be
trained multiple times before finding the best one. Highlighting the nonconvexity of the problem, it may come from a lack of data.
More data may increase the final model’s accuracy and tuning time. In any case, CNN was the most performant approach in both
case study and should be considered if there is enough data available. The difference between the first case study, with a best MAE
of 19 um, and the second one with a MAE the 14.4 um, is explained by the synchronization approach. It highlights the quantity of
information contained in the transient part of the dataset for dimensional quality estimation. The transient should always be con-
sidered. The new metric derived from the ISO norm, proposed in the first case study, would need to be investigated further. It is
clear, that such a norm will have to be specified in the future, the proposed solution is a first draft which will need to be refined.

The implementation of an industrial VM solution on machine tool, seems to be limited by two main challenges. Firstly, the model
accuracy, which is industry dependent, and related to first research question. Multiple leads have been proposed to enhance it.
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Secondly, the model long term reliability, which depends on the studied physical environment. Indeed, the data-based model learn
a reality depicted by the data. If the data doesn’t represent all the possible configurations, with enough time, the model will fail.
The number of possible configurations depends from one case study to another. The best solution to this challenge is based on
model maintenance. This latter is the subject of the second research question and is presented in the following chapter.
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Chapter 4 Industrial data-based models’
maintenance

In an industrial environment, models estimate quantities that are usually expensive or difficult to measure. Defining when to meas-
ure those quantities and how to use the obtained data to maintain the model is the topic of this chapter. Without these aspects of
Industry 4.0, the implemented model is destined to fail, which could be very harmful considering the critical aspect of industry it
supports. The estimation model must adapt to its environment. In this context, the use of model-based approaches is detrimental,
as all sources of concept drift (CD) must be known and priorly modelled, which is not realistic in practice. Data-based models can
use the data to update themselves, which is the focus of this thesis. A methodology for implementing a data-based model mainte-
nance solution is required but currently missing from the literature.

This chapter answers the second research question by proposing a new methodology to allow for designing and implementing the
most suitable solution for addressing CD in a defined environment. As it is easily generalizable, the methodology is designed for
generic Industry 4.0 applications. It could be applied for virtual metrology (VM) without specific modifications. The characteristics
of the involved CDs are used to discuss the different solutions through the various steps of the methodology. An optimization prob-
lem is designed to select the most suitable solution from among the various possible algorithms. Furthermore, a new causal ap-
proach for CD type acquisition is proposed. It originates from the adoption of causal representation, which results in a new type of
CD called upstream CD. In the following sections, a literature review is first presented. While a general literature review was al-
ready presented in Chapter 2, this one is focused less on VM and more on general methodology for maintenance of data-based
model implementation. Thereafter, the CD characteristics are defined to match the new CD vision proposed in this chapter. Subse-
quently, the methodology is presented. Next, practical implementations methodology are performed on a simulation to illustrate
the previously discussed theory. Finally, concluding remarks regarding the findings and future perspectives are presented.

4.1 Literature review

The literature reveals proposed solutions that are designed to address CD issues. CD handling has been studied from diverse per-
spectives in numerous fields, and some examples are presented in this section. This will provide an overview of similar research and
prepare for the proposed methodology to be introduced.

First, CD handling frameworks have been proposed in various fields. A framework is proposed in the novelty detection field [146]
that tackles many questions related to the different mechanisms for handling CD. The framework divides the process into two
steps: the offline phase when the model is designed and the online phase when the model is running. For the online phase, ques-
tions about the use of external feedback or forgetting mechanisms are addressed. Other topics, such as the treatment of outliers or
recurring contexts, are also considered when proposing an adequate solution. In the virtual metrology field, a framework is pro-
posed with a direct industrial approach [147]. Virtual metrology involves estimating the quality of a product using production pro-
cess data to avoid costly physical measurements. The framework is composed of numerous elements including, among others, data
pre-processing, the sampling decision system sampling decision system (SDS), model updating, as well as the model connection to
the manufacturing execution system. Each step is tackled from a practical and industrial point of view. Updating the system and
SDS are discussed in detail.
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Second, numerous specific solutions for drift handling have been implemented in several fields. For instance, in the domain of
active learning for data stream, one paper [148] proposes a solution that includes the measuring cost constraint in the solution.
This is an attractive solution, given its industry-oriented approach. If the allocated budget is exceeded while a sampling is required,
the measurement is not performed and there is no update. Different sampling strategies are presented such as random strategy or
variable uncertainty strategy; however, the paper does not focus on the model update. Another paper proposes a unique, com-
plete solution in the field of semi-supervised learning called SAND [149]; it is based on a semi-supervised adaptive novel class de-
tection and classification over Data Stream. This solution uses an ensemble classifier composed of k-NN type models to classify the
new incoming data. Outlier detection is applied to each new instance to identify the emergence of a novel class using novelty de-
tection technique. A change detection technique is applied to the classifier confidence estimates to actively request samples for
updating the classifiers. This solution makes it possible to reduce the measurements while their SDS is based on the classifier confi-
dence estimates.

As described, frameworks do exist to structure the CD-handling solutions as well as solutions that have been implemented on spe-
cific applications. However, no methodology has been proposed to implement them. The CDs are never identified and character-
ized to support solution optimization. In the present research, a context-oriented methodology is proposed based on the link be-
tween the solution performance and the drift characteristics, thus enabling solutions to be more robust and generalizable. Many
studies have stressed the need for generalized solutions that address the CD [150]-[152]; consequently, the proposed methodology
considers the full CD handling framework from the SDS to the updating system (US) as well as the industrial cost and constraint to
select the optimal solution.

In the following section, First a concept drift characteristics definition is proposed. Then, the methodology to implement the
maintenance of a data-based model solution is described. Moreover, a simulation that illustrates the proposed methodology is
presented. Following this, a general discussion on the importance of such a methodology for the industry is presented. Limitations
of the research are also discussed, and some further directions for research are proposed.

4.2 Concept drift characteristics

CDs are the cause of drops in model performance. To handle them, they must be clearly defined. This research proposes a new
vision of CD. A data-based model estimates P(Y|X,,); in an attempt to model the physical probability P(Y|X,,),, which is a local
time-based probability of the physical function Y = f(X,,, X;), where X,, represents the measured features, X is the latent fea-
tures, and Y is the output. The state of the art defines a CD as a change in local physical probability P(Y|X,,); in time t such that
P(Y|X)¢ # P(Y|X)¢41 [153]-[155]. This vision focuses on the physical local view and does not consider the data-based model. In
this thesis, the focus is on model performance. Therefore, a CD is now defined as a significant drop in accuracy of the estimated
model. This concept does not refer to the physical but rather the estimated one. The difference in definition enables a focus on the
application of a CD-handling methodology, thus ensuring the preservation of model accuracy. This new vision has some differences
in terms of CD characterization, which are presented in the following section. CDs can be classified thanks to three main independ-
ent degree of freedoms. Their types, recurrency and their geometry.

4.2.1 Concept drift types

The type of CD describes the visibility and relevance of a CD. In the literature, there are three recuring types of CD, with their
names differing from paper to paper. They are presented as follows [153]—[155]:

- Hidden CD: The physical probability changes, but none of the features exhibit a change in their distribution. P(Y|X), #
P(Y[X)¢41 while P(X); = P(X)41-

- Real CD: The physical probability changes, and a change in feature distribution is observed over time. P(Y|X), #
P(Y|X)t+1 and P(X) # P(X)¢41-

- Virtual CD: The physical probability does not change, whereas a change occurs in the feature distribution. P(Y|X), =
P(Y|X)¢4qand P(X)y # P(X)i41-
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As the proposed CD definition focuses on model health, all of the CD types that decrease model accuracy are considered, including
real and virtual ones. This motivated the development of a new CD definition considering two new degrees of freedom: CD visibility
and the causal position of the CD. The first degree of freedom can be classified into two categories:

e Hidden CD (as defined above): The learned model becomes obsolete, but none of the features exhibit a change in their
distribution.
e  Visible CD: A change occurs in feature distribution, which is observed over time.

The second degree of freedom originates from the adoption of a deterministic point of view, which raises the question of causality
between variables. It assumes a causal direction between two variables: X can cause Y, or Y can cause X. Therefore, a causality flow
might be imagined in which the variables of interest composing the model are represented. Some variables are thus situated up-
stream and considered the main root causes of the target variables. Other variables are situated downstream and are considered
the main effects of the target variable. Every CD that occurs in downstream variables will not have any effect on the model due to
the direction of causality. However, CD in upstream variables could affect the model accuracy and thus be the source of a CD. Final-
ly, variables situated inside the model in the causality flow naturally affect its accuracy when drifting. The causal point of view leads
to the emergence of two new types of CD, namely upstream CD and inside CD, which are defined as follows:

e  Upstream CD: This refers to CDs that are applied above both X and Y variables in the causality flow. The relationship be-
tween X and Y is not affected. The change in accuracy stems from the limitations of the trained model. Indeed, if an up-
stream CD affects model inputs and forces them out of the learned range, as defined by the training set, then the model
will enter its extrapolation zone. The learned model becomes obsolete in terms of its extrapolation performance. There-
fore, a difference from inside CD is that its amplitude defines its impact on not only model accuracy but also the model’s
extrapolation capability.

e Inside CD: This refers to CDs that are applied between Y and X variables in the causality flow. Such a CD will modify the re-
lationship between X and Y, and the model accuracy will thus decrease.

By definition, an upstream CD is visible, and inside CDs could be visible or hidden depending on the causality direction of the varia-
bles of interest. Hidden inside CDs are simply called hidden CDs. Visible upstream CDs are called upstream CDs. The last CD type is
visible inside CDs.

4.2.2 Concept drift recurrence

In addition to the visibility and relevance of a CD, its recurrence provides information about its criticality. This is an important as-
pect, as it strongly affects the update strategy and passive time frequency. Indeed, the spectrum of the CD occurrence frequency
and the amplitude should form the bases for effectively designing a handling solution.

In the literature, the recurrence of a CD is often associated with a geometric qualitative description [153] that does not define the
frequency at which the CD recurs. Therefore, further parameters are desirable. One paper discussed different aspects of CD recur-
rence [156]. It introduced cyclical CDs, where different concepts recur in a specific order. For instance, the four seasons could be
defined as different concepts inside the cycle, with an incremental CD occurring between each season. The periodicity of the CD
recurrence is another aspect composed of various dimensions, such as the frequency and duration of the concepts or the CDs in a
cycle, which can be variable or fixed. The starting time of concepts and CDs could also be a way to characterize cyclical CDs.

4.2.3 Concept drift geometry

Geometric properties are characteristics that provide information about the shape of a CD when viewing a data distribution/time
graph. Qualitative and quantitative descriptions exist, which differ in terms of their objectivity: The first is a subjective description
that allows one to classify the different CDs under a limited number of categories, whereas the second offers an objective vision of
the different CDs but allows an infinite number of different CDs. Qualitative and quantitative descriptions of CDs are detailed in the
following two subsections.
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4.2.3.1 Qualitative descriptions

In the literature, CDs are mainly described qualitatively. They are classified under four different categories: sudden/abrupt, gradual,
incremental, and recurring CDs. The different qualitative descriptions are presented in Figure 21. A sudden CD describes an abrupt
change in a concept where the transition between the two consecutive concepts is almost instantaneous and a clear distinction
exists between both concepts. A gradual CD describes a smoother and more discrete transition where both concepts are observed.
The current concept is gradually introduced, while the older one is gradually discarded. An incremental CD represents a continuous
transition from one concept to a new one without returning to a previous state. Finally, a recurrent CD is more about the concept
itself than the CD. Indeed, there is no description of the CD but only the idea of the recurrence of an old concept. Note that since
recurrence was discussed in the previous section, it is not elaborated further here.
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Figure 21: Qualitative descriptions of concept drift categories [27].

4.2.3.2 Quantitative descriptions

In the literature, some quantitative descriptions that can describe a CD more precisely. These descriptions are less common in the
state of the art. Webb et al. presented four quantitative degrees of freedom for describing and differentiating a CD [156], which are
presented below:

¢ Drift magnitude: This indicates the magnitude of difference in the concept before and after the CD. It is defined as fol-
lows:

Magnitude,, = D(t,u)

Equation 4: Drift magnitude definition.

where D is a distance function and t and u are two time steps.
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One paper used the energy distance as a distance function to characterize the drift degree, which can be seen as magnitude [157].
The formula is provided as follows:

(2A—B - ()

Energy distance = d(X,Y) = 22

Equation 5: Energy distance used to characterize drift magnitude.

1 . - .
where A = p— ?zlzj-":l”xi—yj“ is the average of the pairwise distance between two groups of samples, and B =

ni 2|l — x5l and € = # 7y 2 |ly: — vj]| are the averages of the pairwise distance within X and Y, respectively.

» Drift duration: This indicates the duration of a CD starting at time t and ending at time u:

Duration;,, =u—t

Equation 6: Drift duration definition.

e Path length: This is another way to differentiate CDs. It attributes importance to all steps that the concept has been
through between times t and u. It could be defined as an indicator of the shape of the CD. The magnitude function is used

to compute the path length of a CD between times t and u:
n-1

. k k+1
PathLen,, = 11r+n Z D(t+ - (u—-1), t+
n—-+oo
k=0

n

u-10)

Equation 7: Path length definition.

o Drift rate: This quantifies how fast the concept is changing at time t:
) 0.5 0.5
Rate, = lim nD (t -, t+ —)
n—oco n n
Equation 8: Drift rate definition.

The quantitative descriptions are not as developed as the qualitative ones in the literature. Its development would be a relevant
topic for further research as it would enable more accuracy drift characterization which may lead to better CD handling solution
selection. Due to their extensive use in research, more solutions are based on methods using only qualitative descriptions of CDs.
Thus, such descriptions were used for the solution design in the present work.

4.3 Methodology for maintenance of a data-based model

This paper proposes a solution to ensure the maintenance of an industrial data-based model. The operational framework to con-
sider for the proposed solution is presented in Figure 22, which gives an overview of the different involved systems.

Sampling
decision
system

Sampling order | Studied | Newexamples ERUEEN[Y Updated
process system training set

Process data

Drift detector

Figure 22: Operational framework
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Process data, which can be machine parameters or sensor data, are fed as inputs of the framework. They are used as inputs in the
estimation model as well as in the CD detector [158], [159]. The model returns the estimation of an unavailable physical variable
and can be written as follows:

Y =fX)

where X is the measured inputs variables, Y the targeted output variable, and f the estimated physical model.

The CD detector returns an alarm if there is a CD in the data stream. The outputs of the two previous blocks as well as time can be
used in the SDS. The SDS defines when to measure new samples [160]. It triggers the sampling. Then the studied process which
does the measuring. When new examples are available, they are used in the US to build an updated training set. This training set is
given to the model as well as to the CD detector to keep them updated. The CD detector and time are dash-line blocks because
they might not be used, depending on the chosen sampling strategy. Indeed, the SDS will need time if a passive strategy is chosen,
and it could need a CD detector for an active strategy. These strategies will be discussed later in detail. There is a dash-line arrow
between the model and SDS because this relationship is application dependent. For instance, the model estimate in virtual metrol-
ogy is taken into account by the SDS.

The model maintenance solution regroups the SDS and US. There are many possible combinations and selecting the optimal one
can be complex. To help with this task, a methodology is proposed for industrial implementation. The choice of the estimation
model is independent of the methodology, which might or might not already be implemented. Its influence on the solution selec-
tion is not discussed in this paper. The proposed methodology is presented in Figure 23.
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Figure 23: Methodology.

The different steps of the methodology are briefly presented are follows:

1. Concept drift identification: Identifies the characteristics of the involved CD. Those characteristics can afterwards be lev-
eraged to guide the selection of a CD-handling solution. This is subdivided in three steps:

o Knowledge-based concept drift identification: Uses the domain experts’ prior knowledge to identify the CD
characteristics and CD sources. This makes it possible to extract relevant information for the data acquisition,
such as the required measurement sampling frequency or duration.

o Data acquisition: Performs measurements used in the data-based CD identification and in the off-line solution
evaluation.

o Data-based concept drift identification: Extracts information from the measured data to identify characteristics
of the involved CDs such as the recurrence or geometrical properties. This makes it possible to complete the CD
description to enable the CD handling solution pre-selection.
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These three steps can be repeated (dash line on Figure 2) until the obtained information is sufficient to move to the sec-
ond stage of the methodology.

2. Solution pre-selection: Perform a reduction of the solutions space, by keeping only the solution that is known to be per-
formant on the identified CD. The solutions are composed of a SDS as well as a US.

o  Sampling decision system (SDS): Defines when to measure new samples. A good solution would make it possible
to optimize the measurements cost by maintaining good model accuracy. Active, hybrid and passive strategies
are the three different alternatives for SDS, as defined below:

= Passive strategy is a triggering measurement based on a predefined sampling frequency.
= Active strategy is based on CD detection to trigger a measurement when a CD is detected.
= Hybrid strategy is the combination of active and passive strategies.

o Updating system (US): Defines how to update the model when the new training data are available. This affects
the model adaptation speed as well as the model performance described by the stability plasticity dilemma.
Three criteria must be carefully tuned: the size of the moving window, the number of new examples to use, and
the strategy to discard the less informative samples from the current update training set.

The links relating the CD characteristics to the possible solutions indicate how those systems are pre-selected. Then the
most performant solution needs to be selected.

3. Solution selection and optimization: Evaluates the pre-selected solutions to select the best one using an optimization
problem.

o Optimization problem definition: Defines the optimization problem and its parameters based on both the
measurement and model accuracy constraints and cost.

o  Off-line solutions evaluation: Evaluates the pre-selected solutions. Each solution is implemented on a testing da-
taset to compute their relative accuracy and the number of measurements needed to reach it. This makes it pos-
sible to map the solution space on an optimization graph (black dots on the graph).

o Solution selection: Selects the optimal solution that minimize the objective function (red slope on the graph) and
satisfies the constraints (black dash line).

The different elements of the proposed methodology are discussed in more detail in the following sub-sections.

4.3.1 Concept drift identification

To be able to design the optimal model maintenance strategy, the CD characteristics must be known. CD identification is therefore
a crucial and mandatory step of the proposed methodology. The importance of a thorough understanding of CD is at the core of
the proposed methodology for implementing the adapted CD handling approach. CD identification can be separated into three
different steps: knowledge-based CD identification, data acquisition, and data-based CD identification. For each of them, the differ-
ent identifiable CD characteristics and related methods are presented in the following subsections, along with their relevance to
the methodology.

4.3.1.1 Knowledge-based concept drift identification

Knowledge of the studied environment makes it possible to estimate intuitively the sources as well as the properties of potential
CDs. Experts in the application field are required to identify as much information as possible regarding the involved CDs. The
sources of the CD should first be identified; following this, the characteristics of the CD can be studied.

Trying to connect the different sources of CDs makes it possible to establish the causal relationships between variables. According-
ly, it is possible to identify the type of CD related to each source. A new tool has been designed with this purpose in mind. It is
divided into different steps. First, a causal graph must be built based on generalizable rules. Then, the information about CD type
must be extracted from the graph. To do so, instructions must be established to identify the type of CDs involved. Finally, the graph
can also be used to select the most relevant features to measure.
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Figure 24: Example of causal representation.

The causal representation of the model is mapped in an oriented graph based on the system physics. Such a process requires
knowledge of the involved variables and their causality. A general example where Y causes X is presented in Figure 24. The different
components are described and the general rules for building such a graph are presented as follows:

e  Anode represents a variable (latent or observable). Blue circles are variables of interest (the ones involved in the learned
model). X is the measured variables and Y is the estimated one. Grey circles represent sources of CD, which can come
from multiple different latent variables.

e Anarrow represents a function with the causal direction. Every variable (node) linked to an arrow is considered a variable
of this function.

e Normal lines join latent variables/sources of CDs to an arrow, representing a possible CD. The colors of those lines corre-
spond to the type of CD. In this example, red is upstream and black are VI CDs.

e A node is reached by only one arrow but can join different arrows. (A variable is defined by one function but can be part
of different functions.)

e Arrows start from measure variables, except when a measure variable is at the top of the causality. In this special case, a
source of CD must be added as the cause, and then the arrow starts from it.

Once the variables involved in the learned model (Xi, Y) are determined, using causal representation allows one to identify the type
of CD involved. The basic patterns that can be found when building a causal graph are presented in the following table. X corre-
sponds to a measured variable that is used in the estimated model; Y corresponds to a variable that is estimated using the model;
and S represents latent variables and thus sources of CD. To quickly identify the type of CD involved in a problem, Table 17 is pro-
posed.
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Table 17: Directed graph dictionary.

N° | Combinations Type of CD

1 ‘ E ‘ Hidden

2 g Visible inside

3 ' E n Visible inside

4 ° 0 Upstream

5 ° “ Upstream

6 ° ° ° Visible (inside or upstream)
| % -

8 & Visible (inside or upstream)
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However, depending on the complexity of the physical model, some of the patterns in the table can be superposed or added. De-
pending on the case, the pattern definitions above cannot be followed. The following rules must be considered:

e Rule 1: If Y induces a measured variable, then hidden CDs no longer exist — they become visible CDs.
e Rule 2: If a source induces a measurable variable that further induces (below in the causality graph) the desired vari-
able (Y), then it is an upstream CD. Otherwise, it is a VI CD.

Depending on the variable, it is possible to have different causal path suggesting either a VI or an upstream CD. Knowing how the
information is distributed between the different causal paths would indicate which variable has the greatest impact on the model,
and it would be possible to choose the proper type of CD. Hidden CDs, for instance, are always more difficult to treat than visible
CDs. Moreover, as discussed previously, upstream CDs are slightly easier to deal with than VI CDs.

Another interesting use of causal representation is feature selection. Indeed, if the observable variables (Xi) are not yet fixed, it is
possible to use the causal graph to choose them wisely. The type of CD is identified according to the measured variables. Hence,
having the causal representation of the physical model allows one to more effectively select or to attribute more importance to the
features used to build the learned model. Depending on the strategy, it could be interesting to focus on features that minimize the
number of hidden CDs.

It is possible to classify the variables under the following three levels:

- First level: Relevant to use in the estimated model.

- Second level: Adds information but could be discarded.

- Third level: Useless; should be discarded from the model (variables that are not related to Y or that are situated down-
stream).

This approach becomes interesting when many features are used in a model. Reducing the number of features using this tool could
increase the model’s performance and reduce its computational cost.

In terms of geometry, it is difficult to obtain a precise description. However, based on a qualitative CD description magnitude, the
duration or even the slope of the concept drift can be roughly estimated using the expert’s knowledge.

In the same vein, recurrency can be roughly estimated in some cases based on the case study prior knowledge. For instance, in a
manufacturing environment, if the tool wear is identified as a source of CD, then experts can roughly estimate the frequency of the
necessary tool change. Therefore, concerning the geometry, no specific tool, but only prior knowledge, is required at this stage to
estimate the recurrency of a CD.

In the next stage, data is acquired to enable the drift identification and the solution characterization. This stage makes it possible to
design the data acquisition parameters:

e  The measured variables X may induce a more hidden CD or CDs that are harder to detect.

e  The measurement sampling frequency will be based on the Nyquist law make some CDs appear as noise.

e  The measurement sampling duration may make the dataset not representative of the studied system as events could be
missed or too slow to be impactful yet.

e The number of examples may limit the utilization of particular machine-learning algorithms.

4.3.1.2 Data acquisition

CDs cannot all be identified in off-line mode using the expert’s knowledge. Measurements must be made to visualize and character-
ize CDs. The knowledge-based CD identification stage becomes fundamental to orient the selection of the data acquisition parame-
ters previously defined. This makes it possible to reduce costs related to the measurement, which are difficult to estimate at this
stage of the methodology. Data acquisition provides for building a dataset to later identify CD characteristics and evaluate the pre-
selected maintenance solutions based on the proposed framework. The performance of the final solution will depend to a great
extent on the quality of the dataset acquired, which itself depends on numerous parameters defined in the previous step. A user
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would in some cases want to leverage already available data so as to skip the data acquisition step. However, a close inspection of
data acquisition parameters need to be done to validate the usability of the dataset.

4.3.1.3 Data-based concept drift identification

This step makes it possible to identify the characteristics of the involved CD by using the dataset built during the acquisition phase.
However, the CD source cannot be directly identified, unless alarms are available in the dataset to warn of an incoming CD—for
instance, a maintenance on a machine. The CD source can be identified by cross checking the characteristics identified in the data-
based and knowledge-based identification phase. Knowing the CD source also makes it possible to reduce some CD effects by im-
proving the studied process.

The type of drift is easily detected as X and Y are measured in the data acquisition step. If X and Y are changing, this indicates a
visible upstream CD. If X is changing but not Y, this indicates a visible inside CD. Moreover, if Y is changing but not X, this indicates a
hidden inside CD. Drift type can be easily used to correlate information from both knowledge-based and data-based phases.

The data-based model makes it possible to identify the occurrence frequency of a CD, providing for a clear definition of the poten-
tial source that had not been identified in the knowledge-based method. By contrast, if the sources are identified and known, the
frequencies can be obtained by comparing the time between similar patterns.

CD geometry is easily identified using visual tools that allow CD magnitude to be represented over time [161]. This makes it possi-
ble to define quantitatively the CD geometry. This method could be used for different kinds of geometric characteristics, thus speci-
fying or completing the information obtained in the knowledge-based method.

The overall identification process can be repeated if the CD identification seems incomplete after the data-based CD identification.
This makes it possible to target new or more precise characterizations and adapt the dataset for better information extraction.
Once the involved CDs are fully identified, it is possible to move to the next step—the solution pre-selection.

4.3.2 Solution pre-selection

At this stage of the methodology, the characteristics of the CD, involved in the working environment, are supposed to be known.
Based on this knowledge, adequate solutions composed of a SDS, and an US must be pre-selected. They are discussed in this sec-
tion.

4.3.2.1 Sampling decision system
To ensure the model’s long-term sustainability, the training dataset must be regularly updated with fresh data. The SDS is the com-
ponent that handles the measurement strategy, there are three types of strategies a SDS can manage.

Passive strategies, also called “time-based” strategies, sample measurement without any explicit detection. The measurements are
made at a fixed frequency, which allows them to handle both hidden and visible CDs. A passive strategy does not require the im-
plementation of a data-based algorithm; the only parameter to tune is the timer sampling frequency. Numerous timers can be
defined, depending on the number of drifts. This is the simplest strategy, but it is not the most optimal one in terms of the number
of measurement and CD handling.

The active strategy or “event-based strategy” decides to sample measurements based on a CD detector. Unlike the passive strate-
gy, this approach can only deal with visible CDs. However, using real-time data can optimize CD rejection as well as the number of
measurements needed. As it is always unlikely to have only visible CDs, a timer taken from the passive strategy can be added to the
active strategy to act as a safeguard. In this case, its sampling frequency can be optimized, depending on the drift detection per-
formance [147], [162], [163].
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The hybrid strategy is the most complete approach as it combines the active and passive ones. When both visible and hidden CDs
are present, the hybrid strategy should be used. Timers should be engineered for every hidden CD, and a drift detector should be
implemented to deal with visible CDs.

43.2.1.1 Sampling frequency

The sampling frequency is defined by the geometry of the involved CD as well as the occurrence frequency. If the CD is gradual, the
sampling frequency will be set based on the ratio of the CD slope and the acceptable drop in the accuracy of the model. If the CD is
brutal, its slope will be infinite, and the sampling frequency should therefore be defined based on its occurrence frequency. The
frequency can also be determined experimentally by performing tests with the training dataset [160]. It must be emphasized that
too high a frequency would induce a high measuring cost. It could also affect the model’s accuracy if the chosen samples are not
providing relevant information to the update. Too low a frequency would miss too much CD, and the model would become obso-
lete over time.

4.3.2.1.2 Drift detection

Drift detection algorithms are data-based algorithms. In this paper they are classified into three categories: statistical tests, cluster-
ing, and “in-built”-based methods. Statistical test methods compare two data distributions to spot any significant change that
would result in a CD. Distance functions are used to compare and quantify historical data distribution with the new data distribu-
tion [164]. Clustering methods, which are the most popular family of drift detection, examine the change in data density. Clusters
are used to identify concepts. Several different clusters can coexist at the same time [146]. “In-built” methods are drift detectors
integrated into the estimation algorithm. Most of the time, they will estimate the uncertainty of every inference and threshold it.
Currently, there is no way to choose a category of algorithms that is dependent on the involved CD characteristics. Indeed, the
literature does not contain research justifying the chosen drift detector based on the identified characteristics of a CD, and this will
be a major gap to study in the future. Nevertheless, it is possible to discuss guidelines to tune the drift detector based on CD char-
acteristics. Indeed, all the approaches have one or multiple hyper parameters to set the sensitivity of the drift detector. In the
following paragraphs, this sensitivity is related to CD characteristics.

Concerning the CD geometry and particularly the CD magnitude, a higher sensitivity will enable the detection of smaller magnitude
CDs; by contrast, a lower sensitivity will limit false positives. This is the same for the CD slope: the higher the slope, the less sensi-
tive the detector must be. For instance, in statistical test methods, the robustness of the algorithms can be tuned by the choice of
the hypothesis test. Too low a low threshold would lead to poor detector performance over small CDs. The process is the same with
the clustering methods, where the sensitivity is tuned by changing the density threshold or the distance between clusters.

Tuning the sensitivity is related to the management of outliers, which can be a major source of false positives. As previously dis-
cussed, if the drifts have high amplitude and slopes, sensitivity will naturally reject outliers. However, other approaches could be
used for outlier rejection. When the drift detector is triggered, the case could be added in a buffer. Depending on the amount of
successive or similar elements in the buffer, the example could be classified as CD or as an outlier. The decision can be based either
on heuristics or statistics [165], [166]. This adds another layer of protection against outliers and makes it possible to increase the
maximum sensitivity that can be chosen.

The CD detection concerns only visible CDs, which are either upstream CDs or inside CDs. Upstream drifts start to have an impact
when the model inputs X goes out of the training set in the extrapolation zone of the estimation model. By contrast, inside drifts
will directly lower the model accuracy by changing the function between X and Y. Most of the time, upstream CDs will require
sensitivity that is lower than inside CD. This effect will depend on the extent of the training set and on the model’s extrapolation
capability.

As previously explained, there is no existing rule to choose a suitable algorithm based on the CD degrees of freedom. Currently, the
best solution is to choose different algorithms, tune them according to the CD geometry information, and test them on a testing
dataset to be able to choose the most suitable one for the application.
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4.3.2.2 Updating system

When the role of the SDS is to decide when to measure, the role of the US is to define how to update. Once the fresh measure-
ments are acquired, the US can start the model adaptation. By modifying the learned concept, the US minimizes the effect of the
CDs on the model’s accuracy. As with the SDS, the longevity of the model will depend on which US is chosen and its tuning. Indeed,
there are many factors that can influence the updating mechanism, which can even reduce the estimator MAE in the worst case.
The selection and tuning choice depend on the CD’s characteristic. In this section, the different degrees of freedom defining the US
are discussed.

The slope of a CD is the first CD’s characteristic which influences the updating strategy. From a qualitative point of view, the slope is
defined as sudden or gradual. An important dilemma—one that highlights the difference between sudden and gradual CDs—is
called the stability-plasticity dilemma. This dilemma results from the tradeoff between being stable and handling noise and outliers,
on the one hand, or being plastic and adapting more quickly to CDs, on the other. In general, a US should invest more in the noise
and outlier impact mitigation of the MAE. However, the more sudden the CDs are, the more plastic the US should be. Indeed, the
stability becomes a flaw if the adaptation time is slower than the concept evolution. This phenomenon is represented in the most
used approach for a US—the moving window. The window size is a parameter that illustrates the tradeoff between stability and
plasticity. Small ones are suited for detecting abrupt CDs, whereas large ones are better at detecting gradual CDs [167]. The type of
the sliding window is the first characteristic necessary to design a moving window. The simpler form is a fixed-size window—a
method where the model is periodically updated using a window containing a fixed number of instances, where each new instance
replaces another one in the window. (The strategy of deciding which point to discard relates to forgetting capabilities, and this is
discussed later.) The size needs to be designed iteratively, as previously described, and will be adapted to one fixed ranged of CDs
[168]. When dealing with different geometries of CDs, the optimal size of the moving window may depend on time. Accordingly,
the use of a variable window size, where the size changes depending on the error of estimation [169], [170], can be considered. The
higher the error, the smaller the window (and vice versa). The proposed framework assumes that the error of estimation is availa-
ble only on measurements. Thus, it is possible to optimize the window size based on the error from the new measurements before
performing the update. Important parameters to take into consideration when tuning the window size are outliers and noise. In-
deed, both influence the performance. A small window will be more affected by noise and outliers, and the model accuracy will
decrease, while large windows will dump their effects.

The second important CD characteristic for updating approach selection is CD magnitude, which describes the severity of the CD.
During updates, the new examples will be added to the previous ones before retraining. However, if the training set is too large,
the new information might be drowned. In the literature, this dilemma corresponds to the class-imbalanced problem, which also
applies to regression. Therefore, the higher the CD magnitude, the greater the modification of the concept and the higher the
number of required examples to restabilize the MAE. Each time the SDS triggers an alarm, the number of measurements performed
can be higher than one. This is one important parameter that can mitigate the class-imbalance problem if it is well defined. Howev-
er, with a moving window, a fresh data added is more of the time another data deleted. Too many measured points can be expen-
sive and counterproductive. A solution to address this issue is called “instance weighting,” a method whereby the model is updated
by applying weights to each example to give more importance to some of them [167]. Different techniques exist for weighting the
instances. Some assume that the most recent data is the most informative and thus give them more weight than the old ones;
however, this assumption is not appropriate in every context. For instance, it does not hold in presence of recurrent concepts.

The third important CD characteristic to consider while tuning the US forgetting capability is its type. The moving window comes
with a forgetting capability, which is mandatory as industrial implementation mostly comes in a data streams form. Data streams
assume an infinite number of iterations; it would not be feasible to remove elements to assure a finite data storage and inference
time. The forgetting capability should remove the less informative example. In the case of an inside CD, the relation between X and
Y changes, making all the old examples less informative. The forgetting capability should therefore remove the oldest example. In
the case of an upstream CD, the relation between X and Y does not change, which does not necessarily make the old examples less
informative. Thus, the density can be representative of the example’s informativeness. In cases where there is a diverse type of
drift, the most conservative approach should be selected, which is the one based on the example’s age.
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The proposed approach makes it possible to select and tune the adequate algorithms to address the involved CD. Therefore, an
ensemble of solutions, composed of an SDS as well as a US, can be extracted from this stage of the methodology. This is a first step
in reducing the number of solutions. The next step will evaluate the pre-selected solution to eliminate the ones that do not respect
the environmental constraints and to select the best solution that minimizes the costs.

4.3.3 Optimization and solution selection

The last step aims at choosing the most optimal solution among the pre-selected ones. First, an optimization problem is defined
where the objective function and the different constraints are discussed. Then, an evaluation phase, where possible solutions are
compared, is performed. Finally, as a result of the optimization problem, the best solution is selected.

4.3.3.1 Optimization problem definition
The optimal solution can now be selected because of the cost and constraints related to the number of measurements and the
accuracy of the model. The optimization problem can be defined as such:

minimize CTX
subject to

Accuracy constraint )

X < Constraints = ( ]
Measurement constraint

¥ = ( Accuracy

Accuracy cost )
Nbr of measures

) € Solutions, C = (
Measurement cost

Equation 9: optimization problem definition.
Where,

X is the vector of variables defined as the metrics of the tested solutions, which have been pre-selected in the previous stage of the
methodology. It is composed of:

o  Accuracy of the model when using the algorithms chosen for the solution X.
o Number of measures required by the relative solution X to maintain the model updated with the corresponding accuracy.

Cis the cost vector characterized by two metrics:

o Measurement cost is the cost of measuring one unit for the company. This cost gathers resource costs such as the work-
force used or the renting cost for the measure machine and potential shortfall. This cost varies from one industry to an-
other and from one process to another.

o  Accuracy cost defines the cost of risking a bad estimation. The range of acceptable error over the estimations must be de-
fined. As for the measuring costs, this accuracy cost is dependent on the industry. For instance, in predictive maintenance
applications, this cost could be represented by machine compensation cost and induced shortfall.

CT X is the objective function which must be minimized. It relates to the cost induced by the solution. The purpose is to find a solu-
tion that causes a minimal cost. CTX can be seen as a ratio between acceptable model performance variation and acceptable
measurement budget. Acceptable model performance variation is defined by the product/process specification particular to the
industry. Most of the time, this is regulated by customer expectations. The acceptable measurement budget is defined by the com-
pany, and it is relative to the attributed budget. Indeed, in the simplest case it would be a linear function.
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The constraints are induced by the environments. There are two types of constraints: accuracy constraint and measurement con-
straint. The first type comes from the problem requirement definition. For instance, for VM, one could use the adaptation of the
ISO norm to define this tolerance based on the industry [9]. The second one can come from the measurement material or human
resource limitations.

Each parameter of the optimization problem must be defined. X is given by the solution pre-selection stage. The cost vector, the
objective function, and constraints are given by the problem environment. Once the problem is defined, the evaluation of the pre-
selected solution can be performed.

4.3.3.2 Offline solution evaluation

Pre-selected solutions need to be evaluated using the dataset built during the data acquisition step. The data acquisition step is
subdivided into three subsets: (a) a training set for training the different algorithms of the solution, (b) a validation set to evaluate
the performance of the solutions, and (c) a test set to evaluate the final performance of the selected solution. Therefore, for each
pre-selected solution the following process is performed:

Solution implementation in the framework.

Training of the algorithms with the training dataset.

Evaluation of the accuracy of the estimation model on the validation set.

Evaluation of the number of measures required to reach such a degree of accuracy on the validation set.

Mapping of the solution to be able to visually compare the different solutions. A graphic representation of the solu-
tion mapping is given in Figure 25.

O O O O O

Number of measurements
(per time unit)

o,

Accuracy of the model

Figure 25 : Representation of the pre-selected solutions mapping. Black dots represent different solutions.

Once all pre-selected solutions are evaluated and mapped in a graph, the problem optimization can be implemented to select the
best solution.

4.3.3.3 Solution selection

To select the most suitable solution, the optimization problem is implemented. By minimizing the optimization function, consider-
ing the constraint, the adequate solution is obtained. The following graph is produced where the optimal solution can be graphical-
ly identified.
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Figure 26: Optimization graph. Black dash lines represent the problem constraints. The green area is the valid solution space. The blue area is the
invalid solution space. The red line represents the optimization function.

The two optimization constraints—the measurement constraint and the accuracy constraint—set the limits of the valid solution
space (the green area on Figure 26). Solutions outside the valid space do not respect the problem constraints and therefore can be
eliminated. The optimization function is represented by a ratio (the red slope on Figure 26)—in this case linear—between the ac-
ceptable model performance variation and acceptable measurement budget, which makes it possible to select the best solution.
This ratio corresponds to a pareto efficiency situation where the pareto front is used as an optimization function to define the
optimal solution called the pareto efficient. In this example, a linear function is considered for the pareto front, and it can be seen
that the solution X, is the most suitable one. The selected solution can be tested on the test set to ensure its generalizability.

The proposed methodology makes it possible to select an adequate solution to address the identified CD for a given environment.
The methodology is illustrated through a simulation in the next section.

4.4  Practical implementation

The following case study represents, on a simulated industrial example, the previously explained methodology.

This example pictures an enterprise wanting to use virtual metrology (VM) on the manufacture of a product. The VM algorithm
should estimate the cutting width (ae) realized by a machine tool during the milling of a certain region of a part on a known opera-
tion. Its inputs, provided by sensors placed on the machine, are the cutting power (P.) and the feed speed (v). This simulation main-
ly aims at illustrating the methodology and not at comparing the CD detection algorithm or virtual metrology algorithm.

The company is interacting with a simulation developed with the equations presented in Table 18.
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Table 18: Equations used for the simulation.

P, (kW) : Actual Cutting Power P, = %{Z:C

ap (mm) : Depth of Cut a,=5

a, (mm): cutting width a, =N(2,0.5)

Vs (mm/min) : Feed speed vg= V' (15000, 1000)

k. (N/mm2) : Specific Cutting Force ke = ko h;lmc (1 - %)
ke1 (N/mm2) : variable k.1 =2200

hp, (mm) : chip thickness hpy =175

Yo (°) : rake angle Yo =0

7 € [0-1]: efficiency n=0.8

Three CDs occur in the simulation. The first CD (d;) linearly changes the efficiency of the machine due to the wear of the tool,
which is reset to zero when maintenance occurs. A second CD (d,) suddenly changes the value of k., due to the evolution of the
raw material lot used for manufacturing the part. The third CD (d3) linearly increases the mean of the Gaussian function that de-
scribes the cutting width (a,), due to the wear of the mechanical stop, which is corrected at each maintenance.

The virtual metrology algorithm chosen for this experiment is a multilayer perceptron with two inputs, B, and v, one output a,, 2

hidden layers of 7 neurons each, and RELU activation function.

4.4.1 Concept drift identification

4.4.1.1 Knowledge-based concept drift identification

Experts identified tool wear as a possible source of gradual CD followed by a sudden CD when the tool is replaced. The tool lifetime
is generally 30,000 manufactured parts long. For this reason, the dataset must be taken during at least this number of parts; more-
over, it must be taken with a relatively high frequency to be reactive to the sudden CD happening after maintenance is performed
and to other possible CDs with high frequency. Therefore, it has been decided to measure 3000 parts, one every 10.

Figure 27: Preliminary directed graph.

Figure 27 shows the causal graph of this experiment. The supposed equation has been identified by experts, as recorded in the
literature. The arrow represents equation 9; in other words, it represents the physical model linking the cutting width, the feed
speed, the CD over the motor efficiency, and the cutting power. It is an anti-causal problem (Y is causing X), which means there is
no hidden CD; moreover, d, is a source of a visible inside CD, which will affect the efficiency.
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ap Qe V5 ke

60 1067 kw

P, =
Equation 10 : Cutting power equation
4.4.1.2 Data acquisition

After 7.000 measurements with different frequencies, the dataset was separated into a training and validation set. Figure 28 pre-
sents the plots of the validation set.

input and output subjected to the studied drifts
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Figure 28: Concept drift on the dataset.

4.4.1.3 Data-based concept drift identification

The data presented in Figure 29 confirms the impact of the CD due to wearing of the tool (d,), visible from the 5000t -produced
part until the 10000t. Figure 29 also shows two unpredicted CDs: one, (d,), that suddenly changes the value of the power (at
points 16,000 and 20,000), and the second, (d3), that is linear and affects simultaneously the cutting power and the cutting width
(starting around the 27,000t manufactured part). This last one seems to be an upstream CD. The signal is somewhat noisy, which
highlights the potential presence of outliers.
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Figure 29: Cutting width in function of the cutting power for the different CD.

The different CDs of the evaluation set are presented in Figure 29 on a X-Y plot. First, d;(in green) follows the same shape as with-
out CD (in blue), but over an unexplored region. For this reason, it can be validated as an upstream CD. Both d; and d, CDs modify
the concept between the cutting power and the cutting width. They are only identifiable on the cutting power signal. They are,
therefore, classified as visible inside CDs.

4.4.1.4 Knowledge-based concept drift identification (second iteration)

After investigation, it has been noticed that the d, corresponds to one specific lot of raw parts. It corresponds to a sudden CD that
is certainly related to a defective lot of raw material with a different inner constraint. The material properties affect the power
consumption of the machine tool during the manufacturing of these parts. It was determined that it comes from the wearing of the
mechanical stop that enables a precise loading of the raw material during the milling process. It has also been noticed that no CD
occurs over vz It is still measured to enhance the accuracy of the VM model, as the sensor investment was already done. Therefore,
one upstream CD and two visible inside CDs are identified, as shown in Figure 30.

Figure 30: Updated directed graph.
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4.4.2 Solution pre-selection

From the previous stage, the following information concerning the involved CD was identified:

e No hidden CD.
e Presence of an incremental upstream CD (d3).
e  Presence of two visible inside CDs, one gradual (d;) and one sudden (d).

4.4.2.1 Sampling decision system

Since no hidden CD was detected, it has been decided to use an active strategy that includes a safeguard with a low passive sam-
pling frequency, having as a period half of the acquired signal length (15000 parts), which is activated only when no CDs are detect-
ed by the active module over that period. Concerning active CD detection, it has been decided to compare two algorithms: a statis-
tical method (CUSUM) [31] and a clustering method (OLINDDA) [25]. The clustering method is robust to outliers, which gives it a
greater range for tuning its sensitivity. The presence of noise and outliers added to the quiet high amplitude of the different CDs
motivate the use of a relatively low sensitivity for CD detection.

4.4.2.2 Updating system

For the updating of the multi-layer perceptron, a moving window is used. First, the slope of the CDs is relatively important, making
them easier to detect but requiring higher flexibility and thus a smaller window size. Second, as the magnitude of the CDs can be
important, the number of new points to insert in the window at each update should be larger than one. By contrast, as the window
is relatively short, the number of new points cannot be too high. Lastly, as there is an inside CD, the older point is removed at each
update. This entire process makes it possible to define a short range of interest for the moving window size and number of points
needed for updates, all of which will be tested.

4.4.3 Solution selection and optimization

4.4.3.1 Optimization problem definition

The metrics defined by the enterprise depends on the cost of each measure (cm) and the cost of a poor estimation (cwmae). Each
measure costs 31 USD, and each millimetre of MAE costs 6 USD. The optimization problem aims to minimize the sum of the two
costs (CT X); the variables of the optimization are the number of measures (n,,) and the mean absolute error of the produced part
of a lot (MAE). These values are taken in the batch, including all the evaluated solutions. The enterprise cannot measure more than
1000 parts over a lot of 30,000 because of the measuring machine availability constraint. The optimization problem is therefore
defined as follows:

Cm

n
min(CT X) , with C = [ np, ], X = ™ |, under n,,, < 1000
X an (]

Equation 11: application of the optimization process

cm [USD/measure]: cost per measure cm =31

cmae [USD/mml/part]: cost of the bad estimation Cmae =6

np [parts]: number of produced parts in the validation set np = 30000

nm [measures]: number of measures value to optimize
MAE [mm]: mean square error of a lot of np parts value to optimize
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4.4.3.2 Offline solution evaluation

On the tuning phase, for each algorithm it was necessary to evaluate different sets of hyperparameters, including the parameters
for updating the VM algorithm, which are the moving windows size and number of new points added to the moving window. More
than 300 combinations have been tested offline for both drift detection algorithms. Figure 31 shows the MAE for each set of hy-
perparameters, over 30,000 produced parts in function of the number of measures based on the dataset acquired previously. In
this case, it can be observed that extended CUSUM reaches better performances compared to OLINDA.

Different hyperparameter configurations for the two drift detection algorithms
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Figure 31: Offline solutions evaluation graph

4.4.3.3 Solution selection

As presented in Figure 32, the best approach for the enterprise, according to the cost and constraints previously defined, is extend-
ed CUSUM with an MAE of 0.03 mm and a number of measures equal to 114 over the test period. The total cost due to the poor
estimation and the number of measures per produced part is equal to CT X, which in this case is 0.30 USD/part. The size of the
moving window used to update the estimator is 10 and the number of new points measured before each update is 3.
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Figure 32: Identification of the optimal solutions

In order to test the performance of the selected algorithm, a test set of 1000 measures, one every 10 produced parts, is collected.
Due to its small size, this test set only contains d, and d5.
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Figure 33: Validation and test set of the selected solution.

Figure 33 shows the absolute error of the VM algorithm estimation at each manufactured part for the validation and test set. The
blue and orange lines of the upper graphs represent, respectively, the absolute error of the VM algorithm estimation with and
without an update. The dotted line indicates the instant where a CD is detected, a measurement is triggered, and an update of the
estimator is made.

On the test phase, 45 parts are measured, and the resulting MAE is 0.0455 mm, for a cost of 0.41 USD/part. The solution seems to
generalize correctly and is validated.

4.5 Concluding remarks

This section presented some key discussion points regarding CD in general, and the following subsections focus on the different
functionalities of the proposed framework. The scientific contribution of the current research work will have a significant impact on
the performance of all data-driven technologies. Most Industry 4.0 technologies, such as machine learning, artificial intelligence,
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digital twins, VM, predictive maintenance, and zero-defect manufacturing (ZDM), are data driven. The creation of the models is one
part of the solution, but there is another side that is currently not receiving the attention that it should be, namely the mainte-
nance of the models and keeping them up to date so that they perform well and efficiently. Currently, most data-driven solutions
are designed and developed to be static, meaning that after the training of the corresponding model, they are ready for deploy-
ment without considering the CDs that will occur over time. The proposed framework provides all of the directions required for
turning the existing static models into a dynamic one. By considering CDs, the flexibility and adaptability of the models are in-
creased significantly, which consequently increases accuracy, leading to a sustainable solution.

The phenomenon of CD has its origin in the dynamic nature of manufacturing systems and in general any system that changes over
time. More specifically, in manufacturing systems, CDs are generally occurring because of the deterioration and wear of compo-
nents, tools, and material, but also from the quality of the input material, human error, and environmental changes such as tem-
perature or humidity in the shopfloor, and so on. Additionally, in the same spirit, feedback loops such as sensor data might change
slightly over time because of the deterioration of the sensor itself, sending varying information. In an industrial environment, CDs
occur systematically, which makes their consideration fundamental to ensure the maintenance of industrial data-based models.

Most of the Industry 4.0 technologies such as machine learning, artificial intelligence, digital twins, virtual metrology, predictive
maintenance, and zero-defect manufacturing are data-driven technologies [32]. Currently, most of the data-driven solutions are
designed and developed to be static, which means that it is ready for deployment after the training of the corresponding model,
without considering the CDs that will occur as time passes. The proposed methodology enables the adaptation of existing static
models to dynamic ones. Taking the CDs into consideration, the flexibility and adaptability of the models is increased significantly,
which consequently increases long-term accuracy. In other words, the proposed methodology gives a general approach to ensuring
the maintenance of data-based models for the industry.

The presented methodology proposes to take into consideration CD characteristics to design solutions that consider the practical
issues of solution implementation. For the first stage of the methodology, CD identification, the participation of application experts
appears to be crucial. The better the CD identification, the better the model maintenance and, thus, the smaller the measuring and
accuracy costs. However, in some cases the CD identification can be difficult to perform, such as when several CDs impact the
system simultaneously. In those cases, identification tools and methods could reach their limits. Therefore, further research could
be done to develop new methods to enhance data-based CD identification capability. In terms of CD characterization, the literature
is filled with diverse terminology that does not serve the interests of a uniform methodology. The new proposed CD types aim to
facilitate the CD identification. Further research still needs to be undertaken on the normalization of CD geometric characteristics.

The second stage of the methodology, pre-selection solution, makes it possible to pre-select various solutions by choosing a suita-
ble SDS and US to deal with the involved CD. Currently, the procedure to build solutions is to study the literature to find other
works dealing with similar case studies. However, two similar applications can involve different CDs. There are not two identical
industrial environments for the same process, so the CDs are obviously different. This reveals the limit of the previous methodology
and the need to analyze the CD characteristics when selecting a solution. Indeed, if the algorithms are selected or defined by the
involved CD, then they would not be application-dependent anymore. Therefore, one will be able to pre-select solutions of interest
based only on the CD that must be addressed. SDS is the key component for handling potential CDs. The passive strategy is the
simplest approach to implement. Most of the implementations include a single timer; however, having one timer per CD could be
interesting to develop. In a general way, further research on developing techniques for choosing the sampling frequency could
benefit not only the CD handling field, but also the industrial quality control field with the optimization of the batch measurement
frequency. For active strategies, the implementation must integrate a timer safeguard in industrial environments. Indeed, CDs can
be missed when doing the CD identification, or new CDs can appear over time. There are few methods to optimize the safeguard
sampling frequency, so there is still space for improvement. Finally, the hybrid strategy appears to be the best choice, in general,
for industry environments due to the high number of CDs.

The developed framework considers online updates; the update is made immediately once an example is available. However, in the
literature incremental updates are described in which the model is updated once the entire window of new data instances is sam-
pled [33]-[35]. This raises the question of when to update, as determined by the size of that window, which makes it possible to
fully dissociate the SDS from the US. The main advantage of this technique is to minimize the computational cost at the price of a
slower reaction to CDs. The computational cost could also be minimized by updating the model in cascade. Incremental updates
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could become interesting when training a specialized estimator as it is done in ensemble learning. Ensemble learning has not been
discussed in this paper as it is a special case. Ensemble learning has the unique feature of being able to update by removing the
specialized estimator and adding new estimators specialized with a newer batch of examples [36]. It is also possible to store old
models in “sleeping mode” in case the concept comes back [37]. Such methods require memory to be able to stock the different
concepts; the updating is then more about model management than real updating. The most efficient models are activated while
inefficient ones are deactivated. This seems promising as it can deal with recurrence. However, such a method requires identifying
concept signatures to be able to recognize when a sleeping model will be useful. Thus, this approach seems somewhat futuristic,
and it is not a priority for future research. In a general way, this methodology has shown that updating mechanisms depend on
different CDs’ characteristics, which further reinforces the need to know the type and characteristics of the involved CDs in a prob-
lem.

The solutions developed with this methodology are suitable in most cases. However, when working in extreme constraints envi-
ronments, this methodology might not be adequate as it is. Four different cases representing different scenarios of the optimiza-
tion problem are presented in Figure 34 as a way to discuss alternative solutions. The two questions at the basis of the scenarios
are as follows:

e  Areall samples measurable?
e  How much does it cost to measure a sample?

Measurement constraint

A

Unlimited No mode| Ratio
depending
Update Ratio and
Limited strategy availabilities
depending depending
» Measurement cost
Free Costly

Figure 34: Measurement constraint graph.

If the samples to measure are unlimited and their measurements are costless, then there is no need for a model. Indeed, the
measurements can be performed whenever they are required without caring about the relative cost. Hence, having an estimation
model has no advantage over the physical measurement, and it does not make any sense to have one.

If the measurement frequency is limited but the measurement is free, the model enables measurement continuity while the real
values are not available. As the measurement is free and more accurate than the model, measurements will be done every time
possible. However, continuously updating the model with new points can be detrimental as the updating approaches; it is not
possible to merely add the new data in the training set, but rather to exchange them. It can happen that the new examples hold
less original information than the replaced ones. In this architecture, the SDS does not define when to measure but rather when to
update. In this vein, active learning algorithms are suitable as they give as much relevant information as possible to the model. The
US is thus connected in the SDS, which make sense in this case. Therefore, optimizing the forgetting mechanism of the US is fun-
damental in this case.

If the measurements are costly, the budget becomes a constraint and a ratio between acceptable model performance variation and
acceptable measurement budget appears to be a good indicator for sampling decision strategy optimization. Most of the time, the
first one is often hidden in the CD detector’s hyperparameters for active strategies, whereas the second one is used to design the
time-based measurement frequency of passive strategies. This ratio is similar to the one used by manufacturers for classical prod-
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uct quality control, with the key difference that it is not product quality that is out of tolerance but estimation accuracy. The meas-
urement budget is, in general, an incentive, not a constraint [38]. If it is a constraint, the problem enters the class of costly and
limited measurement problems [13]. The methodology proposes in this research is made to deal with this type of scenario.

When the measurement is costly and only partially available, a queue layer must be added to the strategy. Indeed, the time be-
tween the measurement order of the SDS and the actual measurement is unknown in this scenario. Next, the desired measurement
must be queued. The queuing importance may depend on the measurement priority. Moreover, the ratio between the measure-
ment frequency and the measurement availabilities can help greatly in defining the measurement strategy. If the measurement
availability is low, it would be detrimental to miss the opportunity of measuring. To deal with this, one would want to complement
a classical CD detection algorithm that does estimation with a forecasting CD prediction that is able to optimize the sampling strat-
egy accounting for the measurement limitation. Further research on sampling strategies with limited and costly measurements
would enhance the literature and be helpful for many applications.

With the last stage of the methodology, optimization, and solution selection, a clear vision and a good understanding on the prob-
lem are required. Indeed, it is mandatory to be able to define the right constraints and optimization function. Moreover, update
process depends on the used estimation model. Therefore, it is recommended to consider the full operational framework when
choosing a solution. This means considering the choice of the model with the SDS and US choices.

The proposed framework and methodology, as illustrated in Section 4.4, are directly applicable for VM. They answer the second
research question by proposing an approach for maintaining the VM algorithm on the shopfloor. This chapter has provided an in-
depth solution that is included in the essential group defined in Chapter 2. As previously discussed, the maintenance of industrial
data-based models is a new topic that, out of necessity, will become a major part of any Industry 4.0 solution implementation.
Having been based on an industrial need, this theme will soon become fundamental for both industry and research.
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Chapter 5 Conclusion

Over the past decades, numerous aspects of industry have evolved, ranging from production technology with numerical commands
to the organization of shopfloors with six sigma lean approaches. However, in terms of quality control strategies, the duality be-
tween batch sampling and systematic sampling has persisted. Today, virtual metrology (VM) is on the brink of enabling a new
standard for quality control across all industries through a third strategy that combines the benefits of the others while minimizing
their drawbacks. This thesis focused on implementing industrial VM for one of the most common types of production machine,
namely machine tools. The contributions of this work serve as a proof of concept as well as guidelines on how to design, tune,
implement, and maintain a VM solution on a shopfloor. The industrial applicability of the results was a main focus throughout the
thesis, which explains the choice to conduct all of the case studies on an industrial undergoing shopfloor and not in a university
laboratory. Moreover, the lack of knowledge on how to maintain such a solution seemed to be a crucial issue to address, as any
industrial solution must have a maintenance plan. In the following paragraphs, the previous chapters are summarized, highlighting
the most important findings and discussing further research. The present thesis is then concluded, by underlining some topics of
interest which were developed during the thesis but not related with a research question.

First, a complete state of the art was outlined through searching all relevant literature using the keyword “virtual metrology,”
which, after screening, resulted in 199 papers. A clear lack of structure in the literature was highlighted, which motivated the de-
sign of a framework and terminology. Three groups were proposed to structure the state of the art of VM. First, the core group
included quality estimation and preprocessing. It represented the necessary elements for implementing a VM prototype. Second,
the essential group included the sampling decision system (SDS), drift detection, and updating features. It grouped the elements to
build a VM maintenance plan that would allow the implementation of lasting industrial VM solutions. Finally, the auxiliary group
included the automatic machine control, fab-wide architecture, multistage architecture, and adaptability features. It grouped the
optional elements intended to enhance VM performance, adaptability, and connectivity with the surrounding environment. The
proposed framework demonstrates how all those elements are connected and interact with one another. Thereafter, for all those
elements, a systematic state of the art was established. Beside the technical aspect of the state of the art, a specific focus was on
the industrial applications targeted by the researchers working on VM, based on the state of the art. Numerous findings were dis-
cussed in the concluding remarks section of Chapter 2. The most important findings, besides the framework itself, are summarized
here. First, for dimensionality reduction and quality estimation, the use of nonlinear algorithms is now the standard. For quality
estimation, various new capabilities have been proposed, such as a causality study for BNNs, automatic feature extraction for
CNNs, uncertainty estimation for GPR, and simplified updating for ensemble methods. Some subframeworks to structure new VM
subdomains were also proposed in this thesis, such as for multi-stage architectures classified as serial, hub, and cascade architec-
tures. In terms of industrial model connection, namely fab-wide architecture, it is now driven by the product-as-services trend. The
latest research focuses on cloud implementation.

In terms of research gaps, the core group, including quality estimation and data preprocessing, is well-developed and mastered for
most semiconductor operations. However, it is undeveloped for other industries. As discussed, the benefits of VM no longer remain
to be proven, but its applicability to newer domains does. Moreover, several research groups have started to work on these re-
search gaps, but everything remains to be done. For the essential group elements, there is a notable lack of research. Due to the
fundamental industrial necessity of making the shopfloor solution last, those elements will soon become a major research topic. As
with the essential group elements, the auxiliary groups elements included underdeveloped subjects with high potential. For in-
stance, run-to-run machine control using VM is a studied application, but only one paper focused on real-time control such as VM
based model predictive control (MPC). As discussed in the introduction, real-time control is the future of the actual industry and
will have a major impact on every shopfloor. However, it can only be enabled based on VM technology. The essential and auxiliary
groups are underdeveloped because the core group is not mature yet. Before maintaining or enhancing a solution, the solution
needs to be developed. However, solutions coming from the essential group will be required, as the core group will soon be mature
for industrial implementation. This fact motivated and informed the two research questions of this thesis, which focused on the
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implementation of core group solutions on machine tools and the development of auxiliary group solutions. The first research
question was as follows:

“Is the application of VM to estimate the dimensional quality of products milled with a machine tool feasible?”

To answer this question, a proof of concept of VM applications on milling machines was proposed. This allowed opportunities to be
highlighted and will further help researchers and engineers to design and tune VM solutions. This study was based on two consecu-
tive industrial case studies, which were conducted on a machine tool present on the shopfloor of a factory. The main goal was to
estimate the dimensional quality of test parts with the greatest accuracy possible.

During the first case study, more than 500 parts were milled and measured in an industrial environment while sensors extracted
spindle power consumption, spindle torque, and x-axis torque. More than 5,000 examples were produced and analyzed using ma-
chine learning tools. The main focus of this case study was on identifying the best group of variables to measure to reach the opti-
mal model accuracy. Dimensional quality was successfully modeled based on spindle power measurement in an industrial environ-
ment. The most useful information was extracted exclusively from a high-accuracy external power sensor. The extracted NC data
were not useful, as they did not improve the model accuracy. The optimal model achieved a 19-um MAE, which was a highly en-
couraging first start for VM. The highest-performing models were nonlinear, which validated the nonlinear specific force coefficient
hypothesis. Several aspects could be enhanced to further increase the accuracy, such as improving the test part model and increas-
ing the number of examples or experiments. Such changes were applied in the second case study to improve the model accuracy.
Due to the test part improvement, a major issue emerged that was previously hidden, namely the input time series synchroniza-
tion. This case study demonstrated the critical importance of data synchronization in VM for machine tools. A multitude of syn-
chronization approaches were compared to identify the optimal approach for synchronizing time series and extracting information
from the transient parts. To compare those approaches, we milled more than 600 parts on an industrial shopfloor, which this time
were separated into three datasets, while sensors extracted spindle power consumption data. Over 6,000 measurements were
taken and analyzed using machine learning tools, including the CNN, partial least squares, multiple linear regression, and multilayer
perceptron approaches. Multiple data synchronization methods were studied for VM on milling machines, including curve registra-
tion, moving windows, wavelet transform, and data quantization. Dimensional quality was successfully modeled, achieving a 14.4-
pum MAE in an industrial environment, which is an improvement on the 23.8% achieved in the first case study. The best performing
modeling and synchronization algorithm was a CNN without specific data augmentation and no external data synchronization.
Several aspects of this approach could be enhanced to further decrease the MAE, including researching new external sensors and
increasing the number of example parts manufactured. Furthermore, the applicability of this VM approach might be augmented by
examining the effects of multiple measurement passes or by spreading experiments out over time to verify the model’s robustness
in the face of industrial concept drift (CD). The first research question can thus be answered as follows: Yes, it is possible to apply
VM to milling machines for the estimation of dimensional quality with an accuracy of at least 14.4 um.

“How to maintain industrial data-based model?”

To answer the second research question, a methodology to ensure the maintenance of industrial data-based models were devel-
oped. The main objective was to preserve the accuracy of industrial data-based models. This approach is one of the research find-
ings, as it changes the definition of CDs themselves. A new drift type classification was proposed, which considers the impact of
drift on data-based model accuracy. A new causal approach for detecting the type of CD was also proposed. The major finding of
this research was the methodology, which starts with a drift identification phase. Unfortunately, very few papers have focused on
the detection of CD characteristics. Once the CDs had been identified, a solution pre-selection began. Based on prior knowledge,
the solution that seemed to best match the identified CD were considered. Even though many drift detection approaches exist,
very few researchers have estimated the type of CD that their respective methods work best on. Then, once several solutions had
been pre-selected, their performance was assessed on a dataset from the shopfloor. The two metrics that were used were model
accuracy and the number of measurements or updates of the model required to obtain said accuracy. Based on those metrics, the
optimal solution was selected through optimization based on predefined measurement cost and bad estimation cost. The frame-
work describes all the elements of the solutions, such as the SDS, which determines when new examples should be measured, and
an updating system that describes how to update the data-based model. For all those elements, the various existing mechanisms
were detailed and discussed in Chapter 4. Their limitations as well as advantages were examined in terms of the function of CD
characteristics. A simulation was proposed to illustrate the operation of the methodology.

Various literature gaps were found. For instance, the description of quantitative CD is a new and underdeveloped way of describing
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drift geometry. Furthermore, CD identification tools are lacking in literature. Moreover, the sampling frequency setting for a pas-
sive strategy is currently set heuristically; an optimized approach would be a significant improvement. Finally, the links between CD
detection algorithms and CD characteristics have not been sufficiently discussed in the state of the art. The methodology enables to
have a clear overview of the practical implementation of such a solution. It answers the second research question.

As described, there are numerous ways to pursue this research. In these paragraphs the two main opportunities for further investi-
gation are discussed in more details. To begin with, the limitations of accuracy of VM, as observed in the present thesis (14.4 pm)
could be enhanced by investigating the use of one additional sensor. The actual accuracy of (14.4 um) may be too big for precision
milling applications. To generalize the industrialization of VM on machine tool, the accuracy needs to be increased. To do so, one
would need to install a new sensor on the machine tool. The actual research indicates that for power-based VM, a part of the error
of estimation comes from the motor efficiency variation. Therefore, the measurement needs to be done closer to the tool. This
motivates the use of an additional force sensor. Depending on the configuration of the case study, it could be implemented on the
part fixture or on the tool-holder. Anyhow, the case study should be done in an industrial environment to ensure an industrializable
solution. Indeed, it is hardly possible to mimic the activity of a shopfloor in a laboratory. Multiple case study should be done, first
starting with a single pass milling experiment, like the one performed in this research. It should characterize the performance of
dimensional quality modelization based on the force sensor. Second, the process of VM should be adapted to the targeted product.
To do so, the experiment could focus on multi passes milling, curve milling or different type of product quality such as geometrical
tolerance or surface condition. It needs to be highlighted that, a VM model would be needed for every single quotation. Indeed,
transfer learning would be important for industrial model development. Some solutions for VM model management have been
discussed in Chapter 2. This second case study should be repeated, to train the initial models, every time VM would need to be
implemented. Speaking of which, a normalized process would need to be defined in every industry needing to implement VM. In all
the case studies, one would want to do three sub-experiments to build independent training, validation, and testing sets. The sub-
experiments should not be spaced too much in time, to avoid CD. Indeed, CD would unnecessarily reduce the accuracy of the mod-
els, and CD handling should be managed in a later phase of development, by different algorithms. The second direction of further
research would focus on CD handling in industrial environment. It is the logical follow-up for industrial implementation. However,
as the case studies and the algorithms used are different, the first and second direction of research discussed in this paragraph
should be considered as independent. This reflection should also be driven when defining the different positions needed in industry
for the implementation of industrial data-based model. Indeed, developing a model and making it robust to CD are two interlinked
but different processes which require different know-how. The present research proposes a methodology to develop CD handling
solutions. This methodology is based on the characterization of CD and the link between the results of this characterization and the
solutions to deal with CD. The characterization of CD could be enhanced theoretically. The link between CD characterization and
the solutions to deal with CD can be done practically. To do so, first thanks to a simulation, then thanks to industrial case study,
datasets with clear different type of CD needs to be produced. Then, the performance of numerous CD handling solutions needs to
be assessed on the datasets. The different elements of CD handling could be compared independently. However, the different
elements interact together, motivating a final full solution comparison. Doing so, guidelines could be produced to guide the choice
of CD handling solutions. In a broader context, the proposed methodology would need industrial implantation to mature.

In addition to the research questions derived conclusions, some other topics were also highly promising. First, an adaptation of the
I1SO norm 22514-7 was proposed in Chapter 2. This would be a first step toward the inclusion of the VM system in the norm. This
topic is fundamental, as the requirement definition for acquiring a new measurement system is based on this norm. Therefore, for
the correct industrial implementation of virtual systems, the norm should be updated. Second, the link between VM and predictive
maintenance is another under-researched topic. Applicative studies that demonstrate the benefit of this interaction would be of
great interest. Finally, to conclude this thesis with forecasting, once VM achieves the correct estimation of product quality, as pro-
posed in the zero-defect manufacturing (ZDM) paradigm, VM would be able to predict quality issues in advance. In this configura-
tion, shopfloors may achieve the goal of ZDM.

This work is hoped to be of great use to you.
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Table 19: outlier detection methods citation table.

Manual outlier detection

[30], [142], [178]-[180]

Statistically-based methods

[43], [51], [80], [118], [181], [182]

Table 20: Dimensionality reduction citation table.

Feature selection: Filter methods

Pearson [142], [144], [183], [184]
covariance

Input covari- | [182], [185]

ance

ANOVA [178], [120]

Feature selection: Wrapper methods

Forward [95], [96], [106], [178], [182], [186]-[190]

selection

Backward [121], [178], [191]

elimination

Stepwise [34], [39], [40], [45], [51], [88], [92], [103], [105], [118], [125], [144], [179], [180], [183], [184], [192]-[201]

Genetic algo-
rithm

[331-[35], [39]-[41], [118], [121], [202]

Others

[52], [92], [184], [193]

Feature selection: Embedded methods

Lasso [53], [100], [131], [182], [190], [203]-[206]
Tree ap- | [40], [57], [94], [185], [207]-[209]
proaches

Feature extracti

on

PCA

[33], [39], [40], [45], [53], [88], [89], [92], [106], [118], [131], [135], [142], [179], [180], [182]-[184], [200],
[201], [204], [206], [210]-[218]

PLS [43], [52], [76], [77], [80], [99], [106], [113], [120], [125], [142], [144], [181], [183], [184], [189], [196],
[210], [213], [214], [219]-[230]

CNN [50], [54], [60], [62], [119], [132], [135], [211]

Autoencoder [131], [132]

Table 21: Quality estimation citation table.

Linear methods

Partial least | [43], [52], [76], [77], [80], [99], [113], [125], [132], [142], [144], [178], [181], [189], [196], [213], [214],
squares [219]-[222], [224]-[226], [228]-[231]
Multiple linear | [15], [34], [35], [75], [77], [95], [111], [112], [124], [183], [184], [189], [190], [199], [232]-[234]
regression
Lasso [100], [182], [203], [205], [206]
Others [87], [188], [210], [235], [236]
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Kernel method

Gaussian  process | [53], [54], [64], [74], [88], [96], [201], [223], [237], [238]
regression

Support vector | [35], [39], [120], [121], [191], [198], [202], [209], [239]-[241]
regression

Others [33], [101], [187], [204], [212]

Ensemble methods

All | [30], [56], [57], [70], [94], [185], [207]-[209]

Neural networks

Multi-layer percep-
tron

[21], [28], [52], [63], [70], [76], [91], [93], [105], [111]-[113], [118], [125], [144], [179], [180], [182],
[192], [194], [197], [200], [207], [209], [213], [214], [221], [222], [232], [242]-[256]

Convolutional
neural networks

[50], [60], [62], [119], [135], [211]

Bayesian neural

(48], [61], [257], [258]

networks
Recurrent neural | [50], [98], [110], [259]
networks
Others [51], [85], [86], [260], [261]
Other methods
All | [40], [82], [92], [103], [123], [188], [193], [195], [227], [262]-[267]

Table 22: Update approach citation table.

Moving window

[40], [64], [76], [77], [80], [81], [88], [110], [125], [142], [181], [185], [188], [195], [221],
[229], [231], [233], [235], [236], [238], [246], [248], [250], [251], [259]

Just-in-time learning

[15], [43], [53], [75], [82], [234]

Table 23: Control approach citation table.

EWMA [40], [75], [103], [106], [237], [248], [250], [268]-[271]
dEWMA [15], [61], [99], [128], [181], [229], [271], [272]

MPC [105]

Others [62], [87], [104], [106], [273]

Table 24: Applications citation table.

Semiconductor
manufacturing

[15], [22], [26]-[30], [33]-[35], [38]-[41], [43], [45], [48], [50], [51], [53], [54], [56], [57], [60]-[62],
[64], [69], [70], [72]-[771, [801, [82], [85]-[89], [91]-[94], [97]-[101], [103]-[106], [109], [110], [115],
[116], [118]—[120], [122]-[124], [131], [132], [135], [142], [144], [178]-[185], [187]-[196], [198]-
[218], [220], [223]-[231], [233]-[239], [241], [242], [244]-[248], [251], [253]-[259], [261]-[263],
[265], [266], [268]-[270], [273]-[279]

Traditional manu- | [42], [52], [108], [113], [125], [127], [128], [221], [243], [249], [260], [280]
facturing
Others [44], [95], [112], [121], [232], [240], [267], [271]
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Table 25: Semiconductor operations citation table.

CMP [15], [50], [51], [57], [61], [62], [64], [75], [85], [195], [220], [234], [237], [250], [257], [258], [274]

CvD [33], [53], [54], [72], [87], [98]-[101], [110], [120], [179], [180], [182], [191], [192], [198], [203], [204], [209],
[213], [215], [218], [223], [230], [231], [236], [239], [242], [244], [246], [251], [259], [281]

PECVD [27], [41], [69], [76], [178], [188], [224], [238], [248], [262]

Plasma etching

[39], [60], [73], [74], [77], [80], [86], [88], [89], [94], [103]-[106], [118], [119], [131], [135], [142], [183]-[185],
[190], [193], [196], [200], [201], [205]-[207], [211], [212], [214], [216], [217], [225], [226], [228], [229], [233],
[235], [254], [255], [261], [263], [265], [266], [282]

Photolithography

[31], [38], [70], [93], [99], [246], [247]

Others

[30], [56], [115], [123], [124], [199], [210], [275]

Table 26: Traditional manufacturing operations citation table.

Milling [125], [128]
Turning [32], [108], [221]
Drilling [32], [127], [221]
Spark machin- | [42], [249], [260]
ing

Additive man- | [52], [243]
ufacturing

Carbon fiber | [113]
manufacturing
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