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Abstract

Small and Medium Enterprises (SMEs) represent 90% of businesses and more than
50% of employment worldwide. While large companies lead long-term innovation
strategies with dedicated resources for new technologies, SMEs struggle to manage
the increased complexity of processes due to funds shortages, low managerial skills,
and lack of personnel. To achieve a sustainable fourth industrial revolution, it is
crucial to develop systems that consider SMEs’ conditions. Monitoring technologies
provide numerous benefits for SMEs without burdening the production process in
use. Monitoring systems facilitate process management, improve product quality and
relief operators. In this thesis, we provide two contributions to process monitoring:
the first one is an automatic system for recognizing the process phases, while the
second one consists of developing a forecasting procedure for product quality. The
automatic recognition system uses a supervised deep learning method to capture long
and complex actions. This is made possible by stacking expanded convolutional filters
on the input data. The second proposed contribution is a predictive procedure that
combines the causal flow of the product with domain expert knowledge to achieve
an efficient and flexible forecasting system. We introduce a neural network architec-
ture named Separable Temporal Convolutional Network (S-TCN), which efficiently
exploits causal precursors to obtain distant temporal information. The proposed
methods are tested in numerical experiments and in a controlled environment that
replicates manufacturing tasks. Finally, the predictive procedure has been applied to
a medium-sized manufacturing company.
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Segmentazione di fasi del processo e relazioni causali
per impianti manifatturieri continui

Di
Giovanni Menegozzo

Sommario

Le piccole e medie imprese (PMI) rappresentano il 90% delle imprese e più del 50%
dell’occupazione nel mondo. Mentre le grandi aziende conducono strategie di innovazione
a lungo termine con risorse dedicate alle nuove tecnologie, le PMI faticano nel gestire la
maggiore complessità dei processi a causa della scarsità di fondi, delle basse competenze
manageriali e della penuria di personale. Per raggiungere una quarta rivoluzione industriale
sostenibile, è fondamentale sviluppare sistemi che considerino le condizioni delle PMI. Le tec-
nologie di monitoraggio forniscono numerosi benefici alle PMI senza appesantire il processo
produttivo in uso. I sistemi di monitoraggio facilitano la gestione del processo, migliorano
la qualità del prodotto e soccorrono gli operatori. In questa tesi, forniamo due contributi
al monitoraggio dei processi: il primo consiste in un sistema automatico di riconoscimento
delle fasi del processo, mentre il secondo consiste nello sviluppo di una procedura di pre-
visione per una caratteristica qualitativa chiave del prodotto. Il sistema di riconoscimento
automatico utilizza un metodo di apprendimento profondo supervisionato per catturare
movimenti lunghi e complessi. Ciò è reso possibile dall’utilizzo di filtri convoluzionali sui
dati di input. Il secondo contributo proposto consiste in una procedura predittiva che com-
bina il flusso causale del prodotto con la conoscenza degli esperti del dominio per ottenere
un sistema di previsione efficiente e flessibile. Introduciamo un’architettura di rete neurale
chiamata Separable Temporal Convolutional Network (S-TCN), che sfrutta in modo effi-
ciente i precursori causali per ottenere informazioni temporali distanti. I metodi proposti
sono testati in esperimenti numerici e in un ambiente controllato che replica le attività di
produzione. Infine, la procedura predittiva è stata applicata a un’azienda manifatturiera di
medie dimensioni.
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Co-Relatore:
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“To all those who enjoy the pursuit of causal insight ”

Elements of Causal Inference
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Chapter 1

Research goals and challenges

The manufacturing sector accounts for roughly 15% of the global Gross Domestic

Product (GDP) and it reached $13.9 trillion US dollars in 2018 [12, 13]. These

enormous numbers are difficult to conceive, however, it is sufficient to consider all

the products that surround us to understand the impact of manufacturing in our life.

Mass production has expanded, thus the number of manufactured objects has steadily

increased. Nowadays, technological discoveries and globalization push industries to

adapt the production process to customers’ needs by overcoming constraints. The so-

called fourth industrial revolution is taking over, blurring the boundaries between the

physical, digital and biological domains [14]. The fourth industrial revolution refers

to the technological transformation that society is undergoing in the 21st Century

[15]. Indeed, since our lives are strongly related to manufacturing goods, the fourth

industrial revolution will not involve only products, but it will affect our whole expe-

rience. This enormous transformation cannot be relegated to companies, but it must

be sustained by all society players as universities and governments. In 2011, Ger-

many was the first nation to lunch a plan to promote a sustainable fourth industrial

revolution. The "Industrie 4.0" plan encourages synergy between research centers

and stakeholders to introduce technologies and build the proper entrepreneurial atti-

tude [16]. "Industrie 4.0" promotes a holistic concept of industrial production with

shared responsibility between companies and society for developing interconnected

factories and cities. It focuses on skills distribution and seeks to spread the fourth
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industrial revolution thrust throughout the community. Following, Europe adopted

the "Industry 4.0" plan inheriting from Germany the concept of combining industrial

with social-economic development. In 2015, China began the "Made in China 2025"

plan to promote the fourth industrial revolution. Differently from European Union

(EU), they propose a top-down approach using substantial financial investments to

restructure the entire industry [17]. The United States of America (USA) presented

the "Advanced Manufacturing Partnership" project and favored public services, po-

litical, education, and training policies. As a result, many governments have adopted

policies to manage the introduction of new technologies into industries. Researchers

compared innovative policies approved by different nations for Industry 4.0 (I4.0)

[18, 19]; the different choices made by governments have strong effects on the evo-

lution of the manufacturing ecosystem. For example, some investments in training

and education return after many years with higher qualified operators, while others

have immediate results as financial aid to companies. This situation requires a flex-

ible assessment for I4.0 achievement. Therefore, before proposing innovations, it is

necessary to consider the manufacturing context analyzed, its needs and limitations.

Without proper consideration of the circumstances, the proposed innovation may be

unaffordable for some companies or, even worse, impact negatively on social welfare.

For this reason, we start this thesis by describing the characteristics of the European

and Italian manufacturing context.

1.1 The importance of SMEs for the European man-

ufacturing sector

The realization of I4.0 is heavily affected by companies’ size. The EU has divided

the businesses into four categories shown in Table 1.1. The size and turnover of a

company suggest diverse roadmaps to Industry 4.0. I4.0 technologies need to reach all

companies to enable healthy and sustainable industrial growth [20]. Therefore, it is

necessary to consider the different characteristics between micro, small, medium en-
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Company category Staff headcount Turnover or Balance sheet total
Large/Multi-national > 250 > € 50 m > € 43 m

Medium < 250 ≤ € 50 m ≤ € 43 m
Small < 50 ≤ € 10 m ≤ € 10 m
Micro < 10 ≤ € 2 m ≤ € 2 m

Table 1.1: EU recommendation 2003/361 on enterprises category.

terprises (SMEs) and multi-national enterprises (MNEs) to develop effective method-

ologies [9]. SMEs worldwide account for 99% of all undertakings and employ 60%

of the workforce in the private sector [21]. The International Energy Agency (IEA)

highlights that SMEs create almost 50% of the global gross value added [22]. Ac-

cording to [23] European SMEs employ approximately 90 million people in total, and

this Figure increases by 1.1 million every year. Although their smaller dimension and

lower turnover, SMEs are indeed the true economic backbone of the EU. Applying

the I4.0 concept without considering SMEs’ challenges is not acceptable in the EU

because if the I4.0 technologies would be suitable only for large manufacturers, the

consequences could be harmful. For example, proposing solutions that require nu-

merous specialized employers would benefit large firms, while SMEs would not access

these technologies. The gap between SMEs and large companies would increase with

a consequent loss of competitiveness for most industries.

The presence of SMEs is particularly significant in Italy. SMEs generate the 63%

of the total value-added for enterprises compared to the average of 53% in EU27

(after Brexit) [24]. Micro-enterprises in Italy (95%) are over the EU average (93%).

Only 0.09% of Italian companies have more than 250 employees, compared to 0.14%

in France, 0.19% in Europe, and even 0.48% in Germany (five times as many) [25].

Accordingly, in Italy, micro-companies account for 45% of the workforce, compared to

30% in France, 19% in Germany and 29.5% in the EU [25]. For large companies, the

workforce employed is only 21% in Italy, compared to 33% in France, 37% in Germany,

and 33% in the EU [26]. These data present Italy as a reference for the adoption of

policies towards SMEs. The Italian situation allows to understand the effectiveness

of I4.0 practices for SMEs and justifies focusing on this class of companies.
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In the next section, the substantial differences between SMEs and large enterprises

are exposed. This thesis aims to promote enabling technologies for I4.0 in the context

of SMEs. As described in this section, the research focus is motivated by the high

numbers of SMEs in the European and Italian panorama.

1.2 Risks and challenges for SMEs

As shown in Table 1.1, in addition to the number of employees, a characteristic feature

for SMEs is a limited turnover. The financial aspect, indeed, is quite restrictive for

SMEs and represents a primary obstacle [1]. Although it has gradually improved

since the mid-2010s, for SMEs’ access to finance remains challenging. The financing

situation of euro area firms was particularly severe for SMEs, with some differences

across sectors. Figure 1-1 show that the percentage of firms that perceived access

to finance as their main problem was consistently higher for SMEs than for large

companies [3]. During the 2009-12 period, about 15% of EU SMEs that were looking

Figure 1-1: Percentages of firms that consider financing the biggest problem for the
company, adapted from [1].

for bank loans as a founding source was also constrained in obtaining a bank loan.

Today it is currently stabilizing around 8% [3]. The financial uncertainty has been

crucial with the arrival of the pandemic, further increasing the gap between SMEs
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and large enterprises. If we consider the Italian scenario that predicts the number

of jobs lost due to Covid, the consequences are expected to be less critical for large

companies than for SMEs (Figure 1-2). On a prospect of 125 thousand lost jobs,

large companies expect a loss of 1.1 percentage points lower than SMEs (almost half

loss) [27]. The gap between MNEs and SMEs leads to unfair competition between

Figure 1-2: Projection on jobs lost due to default by size changes 2021/2019. Effect
of Covid adapted from [2].

industries and it favors large companies at the expense of SMEs with a consequent

reduction in social welfare distribution. In recent years, to facilitate the achievement

of I4.0 in SMEs, strong funding has been issued by governments. As reported at

the beginning of this section, the adopted policies (particularly the EU with the

NextGeneration EU plan) gradually fund SMEs and consequentially decrease financial

pressure. Specifically, in Italy, there will be a unique opportunity as in addition to

the new "Transizione 4.0" plan and the NextGeneration EU project, with "Piano

Italia" an endowment of around 200 billion will be granted, just under two-thirds

in the form of loans and the remainder in grants [28]. These funds allow companies

to access expensive technologies through facilitated financial plans. For example,

during the "Industria 4.0" project (the first plan adopted by Italy for I4.0), hyper-

amortization (150%) has proved to be an extremely effective tool in facilitating the

purchase of advanced technologies for SMEs. It emerges that between 2017 and 2018,

the value of investments generated by hyper-amortization in Italy exceeds 25 billion

euros overall [29]. Therefore, although limited financial capabilities are a feature of
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SMEs, many efforts have been made to alleviate the economic pressure and in the

coming years the access to finance should further improve.

However, other barriers slow down the adoption of I4.0 in SMEs. In [9], Mittal et

al. reviewed Smart Manufacturing (SM) and I4.0 maturity models and they analyzed

specific requirements of SMEs. They identify three main research gaps that pertain

to SMEs:

• different starting conditions between SMEs and large firms;

• disconnection between maturity models and self-assessment readiness tools;

• differences in preparing the next step after maturity and readiness are assessed.

The above study highlights the importance of cultural maturation in SMEs. Even

if industries can obtain funding thanks to governments’ support plans, without I4.0

cultural awareness, funding can be lost on inadequate technology. Often in SMEs,

enabling technologies are erroneously perceived as tools to improve the current pro-

duction without exploiting the true potential provided by the interaction of these

systems. Without adequate cultural and managerial competence, I4.0 technologies

are not recognized as revolutionary and fail to switch the running paradigm in au-

tonomous and re-configurable industries. The result of the survey carried out by [30]

highlight this risk while drawing a comparison between different nations: The major-

ity of German companies does not assume their production processes have achieved

a high degree of digitalization, while the Slovenian and Italian companies believe that

their production processes have achieved a medium degree of digitalization. So it is

not strange if the Italian and Slovenian companies agree that new technologies can be

implemented gradually with contained investments, even without radical changes, and

that implementation does not require significant investments. In contrast, the Ger-

mans think that implementation of Industry 4.0 requires major investments and that

these will cost [30]. This behavior describes an inconsistency, given that digitalization

is higher in Germany than in the other two states [31]. Digitization and cultural ma-

turity towards I4.0 are correlated. These discrepancies are also recognizable between
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large companies and SMEs. Figure 1-3 shows that Italian manufacturer’s digitiza-

tion is strongly tilted in favor of large firms [32]. Again, the main risk is that the

Figure 1-3: The digitalization of Italian companies from CERVED 2020 report [3].

improvement of advanced technologies benefits large firms as they are more prepared

for the transition, not succeeding in intercepting the majority of companies. There-

fore, it is suggested that although I4.0 technologies have revolutionary potential, their

introduction into the companies must be accompanied by a cultural shift.

In addition to the financial and managerial circumstances, another feature of

SMEs is related to business strategies. Table 1.2 reports the different characteris-

tics of the SME and Multi-National Enterprises (MNE), adapted from [9]. SMEs

must quickly adapt the industrial process to respond to customer needs and produce

highly specialized products [33]. A large product portfolio has a negative influence

on the operational performance [34]. The request for a flexible production increases

the overall complexity of the management. Moreover, in order to promptly customize

the production, companies struggle to manage long-term strategies [35]. The need

for flexibility and lack of long-term strategy prevents research and development. The

absence of standardization and protocols due to large variations in production pro-

cesses hinders the training time of new operators. Therefore, a small number of expert
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N. Feature SMEs MNEs
1 Financial Resources Low High
2 Advanced Manufacturing Low (Very) High

Technology
3 Software Umbrella Low High
4 Research and Development Low High
5 Nature of Product High Low

Specialization
6 Standards consideration Low High
7 Organization culture and Low High

Leadership flexibility
8 Company Strategy Dictated by Instinct Market Research and

Of Leader (Owner) Accurate Analyses
9 Decision Making Restricted to Board of Advisors

Leader and Consultants
10 Organizational Structure Less Complex Complex

And Informal And Formal
11 Human Resources Multiple Domains Specialized Domains

Engagement
12 Exposure to Human High in The Industry Low Within Industry

Resource Development Low Outside The Industry High Outside the Industry
13 Knowledge and Experience Focused In A Spread Around Different

Industry Specific Area Areas
14 Alliances with Universities Low High

Research Institutions
15 Important Activities Outsourced Internal to the

Organization
16 Dependence on Collaborative High Low

Network
17 Customer/Supplier Relations High (Strong) Low (Not So Strong)

Table 1.2: Description of the features of SMEs and MNEs. Refer to [9] for the origi-
nal source and more details

operators find themselves managing the increasing complexity of SMEs without the

capability to train or hire new practitioners. For example, according to a 2015 survey

of the manufacturing sector in Japan, the main obstacles to investing in data-mining

(that is an advanced technology for I4.0) are related to lack of human resources and

planning [36]. To enable I4.0 in SMEs is necessary to improve the management of

processes reducing overall complexity. Reducing complexity allows devoting more

resources to knowledge transfer, testing new technologies and improving production

operations.

Even if efforts have been made to increase funding and maturity culture, the
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Figure 1-4: Average Ratings for Technology Benefits and Challenges on UK SMEs
survey from [4]. Monitoring technologies are emphasized.

demand for product customization and flexibility increases business complexity in

SMEs. Considering SMEs’ needs is thus important to propose methods that aim to

reduce complexity and that can be gradually integrated into companies. In a survey

on UK SMEs, the authors compare benefits and complexity for I4.0 technologies

[4]. The result shows that the most promising technology in terms of benefit and

complexity are related to monitoring (i.e., predictive maintenance and digital energy

monitoring). Process monitoring is effective for [37, 38, 39]:

• reducing complexity;

• reduction of waste;

• improve employee awareness;

• increase understanding of processes;
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• gains the involvement of people (operators, engineers, managers);

• reduce service delivery time;

In the next section, we introduce the advantages of process monitoring in SMEs.

Then, we present the limitations of current monitoring systems and the contribution

of this thesis. We aim to improve monitoring technologies and promote a sustainable

fourth industrial revolution without burdening the gap between SMEs and MNEs.

1.3 Process management: modeling and monitoring

with AI

Process monitoring has been an active area of research starting from the beginning

of the last century. In [40], the evolution of monitoring systems is described, di-

viding it into three categories from past (detection), present (diagnosis), and future

(prognosis). Detection belongs to the challenges faced in the past and it can be ref-

erenced as monitoring. Monitoring the production system and its environment can

be achieved today by using various connected sensors [40]. For example, different

elements of a production system can issue warnings if there is an inconsistency in

achieved performances. Sensors can monitor the process, detecting faults whenever

a fixed threshold is exceeded. The monitoring function can also be implemented as

historical analysis [41]. With a memory system, the sensors can recognize past trends,

such as an increasing or decreasing behavior, identifying faults. Detection is applied

in fault detection, or identification [42]. It includes univariate and multivariate statis-

tical process monitoring methods, which are based on adopting a certain probabilistic

model that is suitable for identifying trends in a wide class of industrial processes.

These general-purpose methods typically do not require specific information about

the process structure, other than the parameter estimates.

Diagnosis is the feature of the process monitoring solution under development.

These models are not limited to recognizing a deviation in the process, but they

estimate the causes. Such causal structure is absent from detection methods and
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may lead to an ambiguous fault recovery. For example, the same erroneous trend

for the final product can be generated by faults in multiple process phases. While

the detection system recognizes only the abnormal behavior of the outcome, the

diagnosis feature allows identifying the source fault. Therefore, it allows the operator

to intervene to restore the process. Diagnosis systems can also be referred as process

recovery or faults diagnosis. These methods use the information derived from the

sequentiality of the process with both: knowledge or data-driven approaches.

In the future, the process prognosis will integrate a predictive dimension. The

goal of prognosis systems is to predict potential failures before they occur. Unlike

detection, to forecast faults, the underlying causal structure of the system is required

and a statistical model of the plant is provided. Prognosis systems recognize patterns

in the past features that will cause a non-normal behavior of the outcome. Prognosis

is closely related to "Equipment Health," which monitors equipment performance

evolution over time based on operational effectiveness and failure rate.

Detection, diagnosis and prognosis describe three features for monitoring with

increasing complexity. Monitoring systems are also affected by the type of data

analyzed, whether the objective is to detect diagnosis or predict faults. In [40], the

authors highlighted different characteristics of monitoring methods that, depending

on the underlying structure of the data, must be considered. Each of these adds

several levels of complexity:

• From Univariate to Multivariate, to High-Dimensional ("Mega-Variate") It sug-

gests an increased complexity due to the simultaneous analysis of one, several

and many sensors with a consequent growth in the dimensionality of the model;

• From Static to Dynamic, to Non-Stationary Highlights processes that either

remain stable over time, change following a recurrent pattern or are irregular;

• From Monitoring the Mean to Dispersion, to Correlation Describe the different

types of relationships between sensors that can have similar behavior in magni-

tude, in their evolution over time (i.e., are correlated) or in their distribution.

Generally, the more significant is the variability, the greater the challenge in
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recognizing patterns in the data;

• From Unstructured to Structured Process Monitoring Denotes the increasing

complexity given by using structured data that are consistently ordered and

related or unstructured data (for example, text or non-formatted values);

• From Homogeneous Data Tables to Heterogeneous Datasets Using multiple datasets

may increase the complexity of the problem due to missing data o different

record information.

Thus, there are many monitoring systems with different features combinations. These

characteristics are often interrelated, such as Mega-Variate and Dispersion (the more

data, the more the diversity). Therefore specific sub-trends in monitoring systems

research began to develop. In particular, we highlit the following research trend topics

on monitoring systems:

Health monitoring aim at the detection of faults after the occurrence of certain

failures (diagnosis) and predictions of the future working conditions and the remaining

useful life (prognosis). To this category belong the works on fault detection and

predictive maintenance [43].

Plant-Wide Monitoring, focus on the integration of monitoring systems at a plant

and business level. Such systems are usually physically interconnected, very large in

scale, geographically dispersed, and have hierarchical structures. The responsibilities

of the plant-wide monitoring systems mainly include plant-wide performance evalu-

ation, plant-wide fault diagnosis and prognosis, as well as (in the general concept)

plant-wide performance optimization with maintenance [44].

To summarize, we reported that the scope of research for systems monitoring is

vast and varies depending on the type of industrial processes. We can state that the

detection deals with the monitoring, the diagnosis adds past models with constraints,

and the prognosis foresees the future state. In this thesis, we will cover the detection,

diagnosis and prognosis features for the industrial process of SMEs on both synthetic

and real scenarios.
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1.3.1 Process monitoring in manufacturing processes

There are generally two types of manufacturing processes, batch and continuous. In a

batch process, the raw material is charged into the system at the beginning, and the

product is discharged all at once at the end as two separate operations. In continuous

processes, the material and product are continuously charged and discharged from

the system throughout the duration of the process [5]. The above definitions can be

applied to an individual machine or an entire manufacturing process consisting of a

series of machines as shown in Figure 1-5. A process phase may consist of a set of

machines or a single machine. In a continuous process, the quality of the finished

product is the result of all the previous phases. In the case of batch production, the

product can be controlled and inspected separately. The process flow is defined by the

Figure 1-5: Examples of continuous and batch processes, from [5].

order of the phases where the raw material pass through to become a finished product.

There are many ways to describe an industrial process as graphical models, petri-

nets, ontologies, computer languages and many others [45]. These models generally

use states for representing phases and transition functions between them. Therefore

they can model the interaction between phases displaying the industrial process flow.
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The requirement for these types of methods is the distinction between states as it

must be possible to recognize the actual phase of the system. For example, we must

distinguish an assembly phase from a packaging phase and describe the production

process into separate phases that will represent the states of the model. Although

this procedure is trivial in an automated and temporally organized system, being able

to distinguish the phases in a process where there is an extensive human intervention,

for example, in an automated process based on collaborative robotic, is very complex

[46]. In one part of this thesis, we will attempt to distinguish the phases of a process

during collaborative procedures.

In a continuous process, however, there is another constraint. If a variation occurs

upstream in the production, it will propagate into the subsequent phases affecting

the final product. Therefore the outcome is conditioned by the past phases of the

process at lagged instants of time. In statistical control, a process is defined when

it is possible to predict the future trend of one or more variables based on past

observations with a probabilistic confidence. Therefore, given some variations on past

observation, we can guess the system’s behavior with some probability. Regressive

models estimate the relationships between a "response" variable and one or more

independent variables. These types of methods, instead of modeling the transition

function between states, the system’s behavior (also called "response") is modeled

given other production process variations. Those variations are disturbances that

negatively affect the quality of the final product or interventions made by the operator

to stabilize the production. An effective control strategy for continuous process has

to reduce the risk of these potential disturbances to process stability and product

quality. This definition involves identifying past states that already happened in the

past and a future state that can be identified with the vector of response variables

Y [47]. The response variables vector is given by the evolution of the past states

within a probabilistic confidence. Following [42] in a manufacturing process, Y(𝑡)

can be a quality measure obtained over time, space or states and 𝑥1(𝑠), ..., 𝑥𝑛(𝑠) is a

set of process variables that influences the final quality of the product. Without loss

of generality, we use a single output variable 𝑦(𝑡) over time. For example, 𝑦(𝑡) can
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be the temperature of the final product while [𝑋1(𝑡 − 1), . . . , 𝑋𝑛(𝑡 − 1), . . . , 𝑋1(𝑡 −

𝑗), . . . , 𝑋𝑛(𝑡 − 𝑗)] can be the energetic consumption of machines that influence the

final temperature of the product. We assume that the 𝑦(𝑡) can be modeled by a

non-linear combination of covariates as follows [42]:

𝑦(𝑡) =

𝑝∑︁
𝑗=1

𝑔𝑗(

∫︁
𝑥𝑗(𝑠)𝛽𝑗(𝑠, 𝑡)𝑑𝑠) + 𝑒(𝑡) (1.1)

where 𝑡 ∈ 𝑅 is a functional intercept 𝑡 (e.g., the signal sampling in temporal in-

stances), 𝑔𝑗 is a non-linear function, 𝑥(𝑠) with 𝑠 ∈ 𝑅 is 𝑗𝑡ℎ functional input, 𝛽𝑗(𝑠, 𝑡)

is the 𝑗th functional parameter and 𝑒(𝑡) is a random noise. The goal is to estimate

the functional parameters 𝛽(𝑠, 𝑡), given a set of observations. In a second part of the

thesis we will deal with product quality forecasting. We propose a procedure that in-

volve causal discovery, regressive model and domain knowledge to integrate the causal

flow typical of continuous production in a prognosis system for a quality variable of

the product. To summarize, we present two types of the manufacturing process: the

batch process that requires a distinction between phases and the continuous process

that requires past states. Following, we highlight the limitation of current monitoring

solution manufacturing processes. Finally, at the end of the chapter, we present our

contribution to overcoming these barriers, also considering the challenge in SMEs.

1.3.2 Challenges in existing solutions

In the industrial domain, the amount of data and their heterogeneity is enormous.

As a result, regression systems on data dimensionality (such as neural networks)

have had a major impact on research as described in section 2.2.1. Recently many

monitoring systems that apply neural networks to historical data have been proposed

[48]. Nevertheless, given the complexity of industrial data, neural networks need

many parameters to infer systems behavior, thus, they are generally referred as black-

boxes. Black-box models are non-transparent and their predictions are not traceable

by humans given the large number of variables used to parametrize the model. This

paragraph focuses on three main limits of existing solutions that use a black-box
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approach for monitoring. In particular, we highlight the following limitations:

• Black-box approach lacks process understanding.

• Knowledge-based approach is not considered for improving methods flexibility.

• The discretization of the process in phases is assumed.

After an initial period in which black-box systems were strongly used to create

models and obtained outstanding results in many research areas, several critical issues

towards this type of system are emerging. It is becoming evident that black-box mod-

els are limiting the achievement of intelligent data fusion because they do not allow

the reconstruction of the decisional path. Therefore, it is useful to set constraints on

the models by exploiting domain information and reasoning policies congruent to the

context analyzed. The aim is to give more semantic meaning to the results obtained

and the pattern recognized in the input features. Semantic knowledge of the pro-

cess means understanding how and why the models make some decision (explainable

artificial intelligence), inferring the causality of the process (causal modeling) and in-

tegrating background knowledge. One of the main interests for companies is, indeed,

to infer which are the causes of a deviation in product quality. Monitoring system

that aims to regress heterogeneous data accepting or denying the natural state of the

process without considering the interpretability of the decisional path, is limiting for

the management of the process. Using black-box models, it is not possible to infer

causation and perform faults’ prognosis [49].

Another limitation of the so-called black-box models applied for process moni-

toring is the lack of flexibility. In the context of SMEs, many production processes

are exploited in order to obtain customizable products. Moreover, all the unrecorded

values and operators’ knowledge cannot be integrated into the system as they are

not contained in the data. Therefore, black-box monitoring systems are suitable for

companies with lots of data, substantial computational resources and standardized

processes. These features generally belong to large companies, thus, further increasing

the gap between SMEs and MNEs. For this reason, it is important to develop systems

38



that integrate the operators’ knowledge to reach higher flexibility and adaptability to

the different needs of the industry.

Finally, a weakness of current works in literature is the acknowledgment of process

phases. In the classical industry, the phases of a process can be easily identified

through low-level signals acquired from the plant with Supervisory Control and Data

Acquisition (SCADA) or Programmable Logic Controller (PLC) that record changes

in the set point. The subdivision of the process in phases can then be made simply

by checking setpoint variations. The transition between phases is discrete and easily

distinguishable. In an Industry 4.0 perspective where robots and humans collaborate,

the distinction in process phases is far from trivial. Recognizing and segmenting a

collaborative process into different stages is necessary for state recognition and process

description.

1.4 Thesis description and organizations

This thesis aims to contribute to process monitoring methods specifically designed for

SMEs to reduce the industrial processes’ management complexity. We propose two

contributions for recognizing process phases and forecasting a quality variable of the

final product. The predictive procedure allows the preemptive supervision of irregular

operating conditions without expert operators’ intervention, exploiting the process’s

causal flow. The automatic recognition of phases allows monitoring process’s phases,

including collaborative tasks between humans and robots. This thesis proposes the

following scientific contributions:

1. Uses a causal process model rather than a temporal one. We follow the flow of

the product instead of the recording timestamps for machines. This approach

leads to the optimization of the data used as input to a predictive procedure that

exploits the causal model to represent distant temporal relationships precisely.

2. Extends the recognition of process phases by considering an I4.0 setting. In

contrast to a standard automation system where set-point changes define phases,
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we recognize the process phases using a supervised machine learning approach.

Even in collaborative situations between humans and machines, it can identify

the actual running phase.

3. We propose a monitoring procedure based on both data-driven and knowledge-

based approaches. Integrating domain experts’ knowledge allows reaching ade-

quate flexibility for SMEs even in situations of missing information. The pro-

posed procedure can therefore account for various industrial environments and

possible unrecorded causes. On the other hand, the data-driven approach re-

lieves expert operators from continuous active control of the process.

1.4.1 Summary of the thesis

The thesis is organized as following: in chapter 2, we present state-of-the-art in the

following directions. Firstly, we report past work on process phase recognition at two

levels: robot and human actions recognition and industrial process block decomposi-

tion. For gesture recognition, we will also include state-of-the-art in surgical robotics,

which turns out to be one of the most advanced in the field of action segmentation.

Then, we will describe regressive models that determine the future behavior of the

system, given a set of past observations. We will describe the currently used models

for forecasting with particular attention to deep learning systems. Finally, we will

focus on causality, which is the main innovation of this thesis. We will define the

framework used and describe the algorithms to infer cause-effect relationships from

the data.

In chapter 3, we present the first contribution on automatic phase recognition. The

method, described in section 3.2, deals with the recognition of phases in a collaborative

process. It is a supervised deep-learning method that describes movements through

a large receptive temporal context. The method is validated using three different

datasets, two of which specifically designed to reconstruct a typical I4.0 production

process.

The second contribution described in chapter 4 proposes a predictive procedure
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for monitoring a process quality variable. This procedure exploits the causal flow

of the process inferred from the data in combination with a novel supervised deep

learning architecture to achieve a more efficient prediction. We performed specific

experiments for both the causal flow discovery and the predictive procedure on the

synthetic dataset. In section 4.1 we present the method used for causal discovery

and the experiments on synthetic datasets that reproduce the characteristics of a

manufacturing process. In section 4.3.1 we present the proposed neural network

architecture that is valitated with extensive numerical experiments in section 4.3.2.

The procedure for combining the inferred causal flow of the process and experts

domain experts knowledge in the predictive model is described in section 4.2.

After presenting the methods and the results obtained on synthetic datasets, in

chapter 5, we show the work done with a local SME that produces ultra-processed

food. Thanks to this collaboration, it has been possible to test the predictive pro-

cedure and the causal discovery method on data obtained from a real continuous

process. The collaboration, which lasted for nearly two years, has led to the devel-

opment of a predictive application for the company and in collecting realistic data

for models evaluations. The results obtained with the company are presented and

discussed at the end of chapter 5.4.

Finally, in chapter 6, we outline future works, highlighting the potential of causal

theory for future monitoring applications and proposing extensions for the presented

methods.

1.4.2 Summary of contributions

In this thesis, we gave the following contributions to the problem of process monitoring

for SMEs:

• In chapter 3 we propose a method for automatic process phases recognition

based on supervised deep learning. We apply an ANN architecture named

Time Delay Neural Network (TDNN) to recognize the phases in a collaborative

process. We demonstrated that TDNNs are suitable for recognizing particularly
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complex movements and interpreting signals from multiple sensors on three

different datasets.

• In chapter 4 we propose a predictive procedure that integrates the causal rela-

tionships of the industrial plant and the domain’s knowledge. We have combined

a causal discovery algorithm with a robust false positive control and a specific

ANN architecture capable of reaching distant temporal information efficiently.

The procedure allows building more accurate predictive monitoring systems

while also providing operators control over the monitoring system.

• In chapter 5 we tested the causal discovery alghoritm and the predictive pro-

cedure in collaboration with a local SME. The methods proved to be effective

in proposing new online interventions protocols and forecasting an important

feature for product quality.

Publications: The following research resulted in the publication of two journal

papers and 3 conference papers. An additional journal article was submitted on

01/03/2022 and is currently under review. Finally, this research has led to collab-

oration with an industry company and the release of data available to the research

community.

• G. Menegozzo, D. Dall’Alba and P. Fiorini, "CIPCaD-Bench: Continuous In-

dustrial Process datasets for benchmarking Causal Discovery methods" in IEEE

Robotics and Automation Letters, Under Review.

• G. Menegozzo, D. Dall’Alba and P. Fiorini, "Industrial Time Series Model-

ing With Causal Precursors and Separable Temporal Convolutions," in IEEE

Robotics and Automation Letters, vol. 6, no. 4, pp. 6939-6946, Oct. 2021,

doi:10.1109/LRA.2021.3095907.

• G. Menegozzo, D. Dall’Alba and P. Fiorini, "Causal interaction modeling on

ultra-processed food manufacturing," 2020 IEEE 16th International Conference
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on Automation Science and Engineering (CASE), 2020, pp. 200-205, doi: 10.

1109/CASE48305.2020.9216973.

• G. Menegozzo, D. Dall’Alba, A. Roberti, and P. Fiorini, “Automatic process

modeling with time delay neural network based on low-level data.,” Procedia

Manufacturing, vol. 38, pp. 125–132, 2019, doi: https://doi.org/10.1016/

j.promfg.2020.01.017.

• G. Menegozzo, D. Dall’Alba, C. Zandonà and P. Fiorini, "Surgical gesture

recognition with time delay neural network based on kinematic data," 2019

International Symposium on Medical Robotics (ISMR), 2019, pp. 1-7, doi:

https://doi.org/10.1109/ISMR.2019.8710178.

• M. Bombieri, D. Dall’Alba, S. Ramesh, G. Menegozzo, C. Schneider and P. Fior-

ini, "Joints-Space Metrics for Automatic Robotic Surgical Gestures Classifica-

tion," 2020 IEEE/RSJ International Conference on Intelligent Robots and Sys-

tems (IROS), 2020, pp. 3061-3066, doi: https://doi.org/10.1109/IROS45743.

2020.9341094.

1.5 Conclusions

To summarize in chapter 1, we have introduced the importance of SMEs for the EU

manufacturing industry, particularly in the Italian context. We have highlighted three

main challenges for SMEs: financial access, cultural maturity towards I4.0, and in-

creasing process management complexity. We propose process monitoring as the most

suitable technology to facilitate management. We presented the limitations of current

monitoring solutions: lack of process understanding, the demand of process’s phase

recognition methods and integration of knowledge-based strategy for improving flex-

ibility. Finally, we propose incorporating prior knowledge and Artificial Intelligence

(AI) methods to achieve monitoring that considers the causal process flow, automatic

phases recognition, and operators’ knowledge. At the end of the chapter we reported

the organizational structure of the thesis.
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Chapter 2

State of the art

2.1 Process phase recognition

Thanks to a continuous automation and optimization, production processes have

become a concatenation of almost simultaneous tasks. As a result, distinguishing

between production phases has become challenging due to faster interactions. Con-

trary to automated phases, manual operations, in which the operator carries out

different functions, do not always have a pre-established order and are hard to accel-

erate. Moreover, sensitive operations performed by operators are difficult to bound

in regular time intervals. Therefore, it is useful to build an automatic system that

recognizes the state of the process. Recognizing, automating, and integrating manual

and automated operations will be further accentuated in future production that in-

tegrates robotic automation components with human-performed actions. In the last

years, since the introduction of the I4.0 concept, there has been an increase of indus-

trial applications exploiting Human Robot Collaboration (HRC) [50]. Several works

compared collaborative-robotic cells with manual or robotic work-stations. Consid-

ering the production process subdivided into different tasks, it is clear that some

assignments could be performed more proficiently by humans or robots alone, others

collaboratively [51]. While in automated processes, it is straightforward to define

the different process phases thanks to the changes of setpoints recorded by the pro-

grammable logic controller (PLC), in the manual or collaborative tasks, it is necessary
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to recognize the actions of the operators. Action segmentation is crucial for appli-

cations ranging from collaborative robotics to analysis of activities of daily living.

Machine learning (ML) methods have shown excellent results for pattern recognition

from data and are therefore helpful in finding differences between phases. Follow-

ing notation reported in [52], an ML model can exploit a training dataset 𝑆 of 𝑛

observations, where 𝑆 is defined as

𝑆 = {𝑋𝑖, 𝑐𝑖 ∈ 𝑅}𝑛𝑖=1 (2.1)

with 𝑋𝑖, the 𝑖𝑡ℎ observation, consisting of a set of 𝑝 time series defined as 𝑋𝑖 =

[𝑥
(1)
𝑖 (𝑡), . . . , 𝑥

(𝑗)
𝑖 (𝑡), . . . , 𝑥

(𝑝)
𝑖 (𝑡)], 𝑡 ∈ [0, 1] and 𝑦𝑖 is a class target value ∈ C. C

is the set of process classes, i.e., the different phases. For example, in our scenario

𝑋 can be a set of images of an operator assembling an object, or, a series of the

kinematics extracted from a cobot on different set of phases contained in C where C =

[object-pickup, displacement, object-storage]. Generally, machine learning problems are

divided into three groups depending on C. If the labels are not available, it is an

unsupervised machine learning problem. If the class labels are usable only for some

data, it is called a self-supervised method; otherwise, if all data points have the

corresponding class labels available in the training set, it is a supervised problem.

Following, we will briefly describe these three approaches.

• Unsupervised methods do not use labels; therefore, they discriminate between

classes using learned features. They generally use the distance metrics on input

data or density on distribution [53]. These metrics create clusters of classes

and segment the data into groups [54]. The main advantage of unsupervised

learning is that it does not require labeling the data (except during model

evaluation) and is therefore easily scalable. Unsupervised methods are suitable

where the labeling procedure is done manually and requires much effort. The

features that represent each class should be homogeneous in the dataset with

few outliers. Consequently, these methods generally can not reach the same

46



precision or accuracy as supervised and semi-supervised learning. According to

[55] unsupervised methods are grouped into three categories:

1. Clustering: Clustering is the process of splitting a set of entities so that

the entities in a group (called cluster [55]) are similar to each other than

those in the other groups.

2. Anomaly detection: The detection of an anomaly, which can also be re-

ferred to as outliers, noise, deviations, novelties, and exceptions [56], is the

recognition of items or events which do not comply with a predicted design

or other items in a dataset [55].

3. Artificial Neural Networks (ANN): These methods exploit NN to find pat-

terns in the data features. Some of these methods are Autoencoders, Deep

Belief Network (DBN), Hebbian Learning, Generative Adversarial Network

(GAN), self-organizing maps (SOM) [57, 58, 59, 60].

The methods can also be divided into parametric (i.e., they assume a distribu-

tion in the data) or nonparametric methods. Among the parametric methods

in action recognition, we can find Gaussian Mixture Model, Gaussian Hidden

Markov Model, Coresets and Transition State Clustering (TSC) [61]. Nonpara-

metric models require fewer a priori assumptions about the data; for instance,

we can find PCA, Histograms, Kernel density estimator and k-nearest neighbor

[62, 63, 64].

• Semi-supervised classification methods are particularly relevant in scenar-

ios where labeled data is scarce [65]. In those cases, it may be challenging to

construct a reliable supervised classifier. This situation occurs in application do-

mains where labeled data is expensive or difficult to obtain, like computer-aided

diagnosis, drug discovery and speech recognition [65]. Semi-supervised methods

use algorithms based on unsupervised methods to increase the labeled required

for supervised training. They are thus halfway between the two approaches.

In [65], authors distinguish semi-supervised classification methods, considering
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the primary objective of the approach (transductive versus inductive learning)

and the way unlabelled data is used (i.e. wrapper methods, unsupervised pre-

processing, and intrinsically semi-supervised methods). In the field of action

recognition, most of the work has been done on video or images as they rep-

resent the most straightforward way to capture movements [66]. A review of

semi-supervised methods is reported in [67, 68].

• Supervised ML approaches are the most popular and commonly used tech-

nique [69]. They are used in many research fields, such as medical imaging,

video surveillance, gait recognition, home care center and intelligent vehicle sys-

tem [70]. Intuitively, supervised methods are the most reliable but they require

extensive and onerous data labeling. We can divide them into machine learning

models and deep learning models that use deep neural networks. Among the

former, we find hidden Markov model (HMM), Ada-Boost classifier, Support

vector machine, Bag of words [69]. To the second group belongs Convolutional

neural network (CNN), Recurrent neural vector (RNN) and multi-layer percep-

tion (MLP).

Neural Network models can also be classified into the following two distinct categories:

discriminative and generative. A discriminative model is a bottom-up approach in

which data flows from the input layer via the hidden layers to the output layer. They

are used in supervised training for problems like classification and regression [71].

Discriminative models learn the boundaries between classes or labels in a dataset.

Generative methods on the other hand, can generate new data occurrences. Gener-

ative models focus on the distribution of classes in a dataset and fit training data

points in distribution that can be used to generate new data.

This thesis focuses on discriminative supervised learning methods as they gener-

ally obtain higher accuracy results in classification and regression problems. The first

proposed method addresses the challenge of phases recognition in a production pro-

cess. The labeling procedure, which is the main disadvantage of supervised methods,

can occur in two ways: during production through real-time labeling by operators
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or offline by historical data analysis. Offline labeling is generally more precise as it

allows an evaluation by multiple expert operators reducing possible errors. Online

labeling, however, speeds up the process of datasets creation. In our experiments,

we use both approaches. The process segmentation into phases should be sufficiently

generic to withstand potential factory re-configurations. In this thesis, a compar-

ison between supervised deep learning and machine learning methods is provided,

however, a comparison between unsupervised or semi-supervised methods is not ad-

dressed. Following, we cover supervised machine learning methods for both: process

phase classification in chapter 3 and product quality forecasting in chapter 4.

2.1.1 Automatic gesture recognition for Surgical Robotic Sys-

tems

Many research on process segmentation uses video or images as they are the most

straightforward way to capture motions. Process segmentation related to action and

gesture recognition represents a major challenge in several contexts (i.e., human track-

ing, video surveillance, self-driving vehicles). One of the most advanced research

area for phases recognition is in surgical robotic systems (SRSs). Automatic gesture

recognition during surgical procedures is an enabling technology for developing ad-

vanced assistance features in SRSs. In SRSs, similarly to I4.0 settings, heterogeneous

data sources are used, ranging from robot kinematics to machines status and oper-

ator tracking systems. Automatic surgical gesture recognition and classification are

of paramount importance to enable the forecast of possible dangerous situations and

suggest corrective actions before their critical consequences [72]. Moreover, automatic

process recognition allows the evaluation of operators online during the procedure,

improving the training process and overall performance thanks to surgeon-specific

feedback and prompt detection of excessive fatigue and cognitive overloading [73].

In robotic surgery, as in the industrial process, the subdivision of procedure into

sub-tasks (i.e., gestures, maneuvers, action) from heterogeneous data is required.

Breaking down the process into tasks allows measuring local metrics facilitating the
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management of the process (in the industrial case) or the procedure (in the surgical

environment). Below a description of the state-of-the-art methods used in the context

of SRSs is drawn.

One of the first works in surgical procedure segmentation dates back to 2013 when

Zappella et al. proposed gesture recognition from video data using linear dynamical

systems (LDSs) and bags of words (BoW) [73]. Kinematic data acquired from robotic

manipulators provide accurate measurements for gesture recognition since these data

directly correlate to the surgeon’s commands and movements of instruments. Kine-

matic data have been firstly modeled with Hidden Markov Model (HMM) [74], then

other approaches were proposed with Condition Random Field (CRF) and skip-chain

CRF (SKCRF) [75, 76]. SKCRF classification results are influenced by selected kine-

matic values and their representation (i.e., relative distances and velocities between

objects and instruments), as demonstrated in [77]. Recently, Deep Neural Networks

(DNN) have emerged as powerful feature extractors that can be learned automatically

from the data, in contrast with hand-crafted filters based on domain-specific knowl-

edge [78]. In DNNs, layers of computational units are stacked using multiple kernels

to extract features patterns at different frequencies/resolutions. In addition, specific

DNNs have been developed to capture temporal dependencies. Recurrent Neural

Networks (RNN) can obtain long-term non-linear dynamics in surgical kinematic

data [79]. In-depth analysis and comparison of different architectures (e.g., simple

Bidirectional RNNs, Bidirectional Long Short Term Memory (LSTM), Bidirectional

Gate Recurrent Units (GRUs) and Bidirectional Mixed History RNNs) showed that

LSTMs and GRUs are less sensitive to hyper-parameter choice and achieve the best

recognition performance [80]. Recent results indicate that convolutional architectures

can outperform recurrent networks [81]. A systematic evaluation of generic convo-

lutional and recurrent architectures for sequence modeling indicates that a simple

convolutional architecture outperforms recurrent canonical networks such as LSTMs

across diverse tasks and datasets while demonstrating longer effective memory. One

of the most successful convolutional networks for action modeling is Temporal Con-

volutional Network (TCN) [76]. With TCN, the convolutions in the architecture are
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causal, meaning that there is no information "leakage" from future to past [76]. This

thesis proposed a modified version of TCNs, which consists of time-delay neural net-

works (TDNNs). Our proposed method for phase recognition will be presented in

Chapter 3.

2.1.2 Decomposition method for industrial processes

From an I4.0 perspective, many works have been presented for phase recognition in

the area of collaborative robots safety. Safety is one of the significant advantages of

using co-bots instead of classic industrial manipulators because they do not require

cages and allow operators to collaborate inside the work cell. In a recent review

on Human–Robot Collaboration (HRC), the authors analyze and discuss the HRC

trends within the smart manufacturing environment and how phase recognition meth-

ods contribute towards enabling safe and efficient HRC [82]. They highlighted the

following usage of recognition and classifications techniques:

• Human detection Detecting the presence of humans can be useful to adapt the

movements of the robot and ensure safety;

• Training operators for HRC Recognizing the phases of a process allows to im-

prove operators’ skills, highlighting the most difficult tasks and providing data

insight;

• Force detection Recognizing the force applied by operators allow to avoid a

harmful collision;

• Human physiology recognition Allows the study of ergonomics and mobility in

the workplace;

• Motion planning Optimizes the path of movement of robots by increasing safety

or reducing their consumption;

• Gesture recognition Allows to recognize a movement and highlight the correct

execution of the task;
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• Speech recognition Allows to describe dangerous situations or intervene through

voice commands to control the robot from distance;

All of these algorithms aim to recognize phases and situations during an industrial

collaborative process. For a more detailed description of HRC refer to [83, 82].

Other works focus on the decomposition of the process at the plant level regard-

less it contains HRC. These methods aim to infer the propagation and the production

flow (e.g., error propagation in a plant). A plant-wide decomposition process does

not necessarily use all the available data since some parts do not interact with oth-

ers. Therefore, a commonly used modeling strategy is firstly to decompose the whole

process into different phases [84]. Knowledge-based methods were initially used in

the subdivision of the process into phases (i.e., block decomposition). Later, the first

data-driven approach for decomposing the process was based on principal component

analysis (PCA). Recently, a new multi-block method uses mutual information tech-

nique to recognize different blocks in plant-wide processes taking into account both

linear and non-linear relations [85]. After the division, the PCA-based fault detec-

tion and the root cause diagnosis are performed in each sub-block. In [86] a fault

detection method based on distributed canonical correlation analysis is used to infer

blocks using correlation information of the neighboring nodes. Yanan et al. [87] pro-

pose a community discovery (CD) algorithm with Bayesian inference and principal

component analysis (PCA) for a plant-wide process monitoring scheme. For a review

on process decomposition methods, refer to [84].

To summarize, we presented the state-of-the-art for recognizing process phases for

both: plant-wide and collaborative task scenarios. Then, we highlight the methods

used in SRS, one of the main area of research for task recognition and process seg-

mentation. Next, we report the researches done in the industrial contest for HRC

and process block decomposition. In the next paragraph, we will present the state-

of-the-art for regressive models.
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2.2 Forecasting models

One of the most common purpose towards regressive models is the prediction in the

output 𝑦(𝑡) of the formula 1.3.1 given the past values 𝑥𝑗(𝑠) while estimating the pa-

rameters 𝛽𝑗(𝑠, 𝑡). This process is called forecasting or prediction. Indeed, the forecast

capability of a method depends on how well a given model maintains its structure be-

yond a single collection of data [88]. Thus, monitoring model parameter stability over

time is an essential element in evaluating a forecasting model. Stability, which leads

to predictability, is related to how well the system preserves its behavior through time

[47]. In time series forecasting, data are obtained at regular time intervals and are

used to predict future patterns. The simplest form of forecasting is moving average,

which uses an average of past patterns to forecast future patterns [88]. To forecast

the time series value at time 𝑡 an average of past values on a sliding window 𝛿 is

applied. An adequate width for 𝛿 has to be selected by the modeler. Small 𝛿 implies

minor weight from recent past information while a large 𝛿 is more suitable for slow

changes over time. Exponential smoothing models trade the influence on prediction

between recent and past observations via a smoothing constant. The formula for

exponential smoothing is shown below, where 𝑦𝑡+𝑖 is the forecasted value, 𝑎 is the

smoothing constant, and 𝑋𝑡, 𝑋𝑡 − 1,. . . 𝑋𝑡−𝑛 are past observations in a time-series of

length 𝑛 [88]:

𝑦𝑡+𝑖 = 𝑎𝑋𝑡+ 𝑎(1− 𝑎)𝑋𝑡−1+ 𝑎(1− 𝑎)2𝑋𝑡−2+ 𝑎(1− 𝑎)3𝑋𝑡−3 · · ·+ 𝑎(1− 𝑎)𝑛𝑋𝑡−𝑛 (2.2)

Exponential smoothing is convenient when recent data are more informative than

older data for the time series, or the information is not equally distributed in 𝛿.

A typical time series behavior is autocorrelation, i.e., the future value of actual

observation is related to the previous value at a specific delay or lag. The autocorre-
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lation formula is shown below:

𝐴𝑢𝑡𝑜𝑐𝑜𝑟𝑟(𝑚) =

𝑁−𝑚∑︀
𝑖=1

(𝑋𝑖 −𝑋𝑚𝑒𝑎𝑛)(𝑋𝑖+𝑚 −𝑋𝑚𝑒𝑎𝑛)

𝑁∑︀
𝑖=1

(𝑋𝑖 −𝑋𝑚𝑒𝑎𝑛)2
(2.3)

Where 𝑋1, 𝑋2, ..., 𝑋𝑁 is a series of observations, 𝑋𝑚𝑒𝑎𝑛 is the mean of the obser-

vations, and 𝑚 is the delay as past instances computed. ARIMA (AutoRegressive

Integrated Moving Average) models combine autoregression and moving average mod-

els. In an ARIMA model, the future value of a variable is assumed to be a linear

function of several past observations and random errors. Following notation in [89],

the underlying process that generates the time series of length 𝑛 has the form

𝑋𝑛 + 𝑎1𝑋𝑛−1 + · · ·+ 𝑎𝑝𝑋𝑛−𝑝 = 𝜀𝑛 + 𝑏1𝜀𝑛−1 + · · ·+ 𝑏𝑞𝜀𝑛−𝑞 (2.4)

where 𝜀𝑛 is a purely random process and 𝑎, 𝑏 are constant. This 𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑞)

process becomes AutoRegressive for 𝑞 = 0 and MovingAverage for 𝑝 = 0. 𝑝 and 𝑞

are integers where 𝑝, 𝑞 ∈ N and are often referred to as orders of the model. One

of the main challenges for ARIMA is to determine the appropriate values for 𝑝 and

𝑞. ARIMAX models extend ARIMA models through the inclusion of exogenous and

multivariate variables. Therefore, ARIMAX can consider a set of variables described

in the process or even external to the production to predict the response variables.

However, these linear models are only a coarse approximation of real-world complex

systems and generally fail to predict the evolution of non-linear and non-stationary

processes [90]. Most of the techniques developed for time series analysis and pre-

diction assume stationary data, i.e., mean, variance, and autocorrelation of the time

series do not change over time. For example, considering outdoor production factory,

the temperature of the final product is affected by external temperatures varying with

the seasons, thus, the time series of product temperature will not be stationary during

the year. Moreover, ARIMA/ARIMAX models are linear and many real-world re-

lationships are instead non-linear, therefore, other models have been proposed. The
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Dickey-Fuller test allows checking if the data are non-stationary [91], however, to

control non-stationarity a careful adjustment on the data should be carried out dur-

ing preprocessing. For example, the data can be standardized separately for each

season or the dataset can be split into multiple parts. However, adjusting for non-

stationarity is hard and it is highly dependent on the data analyzed. To handle

non-linearity, in [92] a Threshold AR model (TAR) is proposed that assumes piece-

wise linearity. Non-overlapped partition of the input space can be specified in terms

of a threshold variable.

Another approach to modeling non-linearity is to transform non-linear spaces into

linear spaces. It project data into another dimension so that the data can be classified.

SVM-based forecasting methods use a class of generalized regression models, such

as Support Vector Regression (SVR) and Least-Squares Support Vector Machines,

that are parameterized using convex quadratic programming methods [93]. An SVM

maps the inputs X into a higher-dimensional feature space 𝜑(X). If 𝜑(X) entails

specific behaviors from the data to the response variable, then the forecasting model

will obtain better accuracy. Ensembles methods, generate multiple mapping in the

higher-dimensional space 𝜑(X), adding also randomicy. Then the new space with the

most probable output is used.

An ensembles random forest is a collection of tree predictors ℎ(X; Φ𝑖), 𝐼 = 1, ...., 𝑖

where X represents the observed input vector and Φ𝑖 are independent identically

distributed random vectors where for each tree casts a unit vote for the most popular

class at input 𝑋𝑖 [94]. The random forest prediction is the unweighted average over the

collection: ℎ̂(𝑥) = (1/𝐼)
𝐼∑︀

𝑘=1

ℎ(X; Φ𝑘). While the ensemble methods as random forest

are remarkable for providing latent features spaces that describe patterns in the data,

the struggle with the curse of dimensionality due to the prohibitive computational

effort, memory requirements, and large data sizes hamper their applicability to many

real-world problems, especially for online process monitoring [90].

Forecasting methods that avoid generating random vectors in latent space are Hid-

den Markov Models (HMM). An HMM where the observed time series 𝑦(𝑡) (i.e. the

response variable from formula 1.3.1) is treated as a function of the underlying, unob-
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served states vector 𝑋𝑡. Following notation in [95] a state vector may be reconstructed

from autoregressive terms of 𝑦(𝑡). An HMM is composed of two state sets and three

probability matrices [95]. Two sets are the hidden-state set, 𝐻 = {ℎ1, ℎ2, . . . , ℎ𝑛},

and the observable state set 𝑂 = {𝑜1, 𝑜2, . . . , 𝑜𝑚}, where hidden states are related

to the observable states, and 𝑛 and 𝑚 are the number of hidden states and observ-

able states, respectively. The probability matrices are used to describe the relation

between hidden and observable states and normally represented asa parameter set

(𝜋,𝐴,𝐵) of the HMM. 𝜋, 𝐴, and 𝐵 can be defined mathematically as follows:

𝜋 = [𝜋𝑖], 𝜋𝑖 = P((ℎ𝑖, 𝑡)), 1 ≤ 𝑖 ≤ 𝑛 (2.5)

𝐴 = [𝑎𝑖𝑗], 𝑎𝑖𝑗 = P((ℎ𝑗, 𝑡)|(ℎ𝑖, 𝑡− 1)), 1 ≤ 𝑖, 𝑗 ≤ 𝑛 (2.6)

𝐵 = [𝑏𝑖𝑗], 𝑏𝑖𝑗 =P((𝑜𝑗, 𝑡)|(ℎ𝑖, 𝑡)), 1≤ 𝑖 ≤ 𝑛, 1≤ 𝑗≤𝑚. (2.7)

𝜋 is the probability vector of the initial state, where 𝜋𝑖 is the probability of the

hidden state ℎ𝑖 occurring at the initial time step 𝑡 = 1. The 𝑛 × 𝑛 state-transition

matrix 𝐴 provides the probability about the relation of two contiguous hidden states

from time 𝑡−1 to 𝑡. The 𝑛×𝑚 matrix 𝐵 is the confusion matrix, which characterizes

the probability of observing a state 𝑜𝑗 given the hidden state ℎ𝑖 at time 𝑡. Therefore,

a particular HMM can be characterized by P((ℎ𝑖, 𝑡)|(ℎ𝑥, 𝑡− 1)) and P((𝑜𝑦, 𝑡)|(ℎ𝑖, 𝑡)).

2.2.1 Forecasting with Neural Networks

In recent years, thanks to strong investment and advancement in computation tech-

nology together with the support of open-source frameworks such as Tensorflow and

Pytorch [96, 97], models that map inputs in bigger features spaces have been more

successful than traditional forecasting methods (e.g., ARIMA or HMM). The devel-

opment of these models culminated with the extensive use of artificial neural networks

(ANN). ANNs can be understood as a non-linear mapping method, which is inspired

by the human brain [98]. The common supervised learning algorithm used for ANN

is based on the following steps: present training data to the neural network and de-
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termine the error between its output and the expected output on the selected input.

Next, the parameters of the network are tuned to minimize the error. The most com-

mon algorithm for training is the Back-Propagation (B-Prop) algorithm [99]. The

B-Prop algorithm is a gradient-based optimization algorithm that minimizes the out-

put error for a learning data set [100]. Iterating error minimization with parameter

optimization using the back-propagation algorithm defines the training phase of the

network. The interaction ends when a threshold is reached, which can be placed in

the number of interactions or the error’s magnitude. The model obtained is then

validated on new data that have been used in the training phase.

In this paragraph, an overview of neural network architecture for forecasting is

drawn. We review the most relevant types of supervised deep learning (DL) networks,

dividing them into feed-foward fully connected neural networks, recurrent neural net-

works, and convolutional networks.

• Feed-forward Neural Network models (FNNs) FNNs parameterized with

a back-propagation algorithm have been employed for non-linear time series

forecasting. Multi-Layer Perceptron (MLP) is the most basic type of feed-

forward ANN. FNN architecture comprises a three-block structure: an input

layer, hidden layers, and an output layer. Hidden layers are composed of nodes.

MLP networks only have forward connections between neurons at different lay-

ers. A deeper neural network is generally able to model more sophisticated

patterns at the expense of interpretability [101]. Features are created from a

linear combination of the input, while the activation function that models the

transitions between layers adds non-linearity to the model. The most common

activation functions are: sigmoid, tanh and rectified linear unit (ReLU) [102].

An MLP network with a non-linear activation function can represent any non-

linear model with only one hidden layer [103]. However, the success of neural

networks is related to the combination of several layers and activation functions

in specific architectures that addresses pattern in the data [103]. Similarly to

SVM, each hidden layer represents latent variables in an augmented space.
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• Recurrent neural networks (RNNs) In these ANNs, the temporal problem

is transformed into a spatial architecture able to encode the time dimension, thus

effectively capturing the underlying dynamical patterns of time series. RNNs

were introduced as a variant of ANN for time-dependent data. The network

recognizes one observation at a time and can learn information about the pre-

vious observations and how relevant the actual observation is to forecasting.

Therefore, the network not only parametrizes relations between input and out-

put but also between output and a sequence of past observations thanks to the

parametrization of the internal memory. This characteristic makes RNNs one

of the most common ANN used for time-series data. Following, we will present

three types of RNN: Long Short Term Memory (LSTM), Gated Recurrent Unit

(GRU), and Bi-directional GRU/LSTM.

– LSTM: LSTMs can model temporal dependencies on larger horizons with-

out forgetting, thus, mitigating the vanishing gradient problem. A mul-

tiplicative input gate unit is introduced to protect the memory contents

(containing past observation) from perturbation by irrelevant inputs. Like-

wise, a multiplicative output gate unit is introduced to protect other units

from perturbation by currently irrelevant memory contents [104]. A typi-

cal LSTM cell is configured mainly by four gates trained as weights: input

gate, input modulation gate, forget gate and output gate. Input gate takes

a new input from outside, i.e., processes newly coming data. The memory

cell input gate takes input from the output of the LSTM cell in the last

iteration. Forget gate decides when to forget the output results and thus

selects the optimal time lag for the input sequence. Output gate takes

all results calculated and generates output for the LSTM cell. A linear

regression layer is applied to the output layer of the LSTM cell. For a full

description of LSTM cell refer to [104]

– GRU: A typical GRU cell is composed of two gates: reset gate 𝑟 and update

gate 𝑧. Similar to LSTM cell, hidden state output at time 𝑡 is computed
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using the hidden state of time 𝑡 − 1 and the input time series value at

time 𝑡. In [105] a comparison between GRU and LSTM is drawn. GRU’s

has fewer tensor operations; therefore, they are a little faster to train than

LSTM’s.

– Bidirectional LSTM/GRU: Neither LSTM nor GRU can encode informa-

tion from back to front. This feature allows the model to learn relation-

ships in a-causal settings, supposing that the output is known for training

the network. Bi-directional long short-term memory (Bi-LSTM) and Bi-

directional gated recurrent unit(Bi-GRU) solve this problem. They are

formed by stacking forward and backward LSTM or GRU to better cap-

ture bidirectional semantic dependence. Bi-LSTM or Bi-GRU is usually

better than LSTM or GRU, but the training will be more time-consuming.

• Convolutional Neural Network

– Convolutional Neural Networks (CNNs) are a family of ANNs considered

as the state-of-the-art for many problems in classifications and pattern

recognition. CNN learns to extract meaningful features from the data us-

ing the convolutional operation, maintaining features invariance propriety

[106]. Unlike standard MLP networks, each node is connected only to a

range of the input, which is known as the receptive field. The receptive

field is regulated by the kernel dimension. These networks are based on

three principles: local connectivity, shared weights, and translation equiv-

ariance [107]. A more detailed description is provided in section 3.2. These

special properties allow CNNs to have a much smaller number of trainable

parameters compared to a RNN [81].

– Temporal convolutional network architecture is inspired by the Wavenet

autoregressive model, originally designed for audio generation problems

[108]. The convolutions are causal to prevent leakage from future features,

and the architecture can process a sequence of any length and map it to an

output of the same length. The TCN architecture is based on dilated causal
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convolutions to enable the network to learn the long-term dependencies

present in time series. TCNs are explained in more detail in section 4.3.1.

2.2.2 Predictive models in manufacturing

Many forecasting models focus on manufacturing data. In [109] a "smart process

analytics" framework for predictive models is presented, which empowers the users

to focus on goals rather than on methods and automatically transforms manufactur-

ing data into intelligence. The authors suggest using different forecasting methods

depending on the type of historical data instead of model proprieties. In particu-

lar, they divide the characteristics of the data according to non-linearity, collinearity

and dynamics. They suggest different models for each group, demonstrating their

effectiveness with case studies for experimental datasets from a variety of process

systems.

Regarding the use of neural networks several architectures have been proposed in

order to obtain a more advanced feature extraction. In [110], authors propose a TCN

integrating regularly updated multi-region operations based on principal component

analysis and hierarchical clustering for an industrial methanol production process.

The hierarchical clustering method extracts hidden temporal multi-region features

to enhance a TCN. A combination of CNN and GRU is applied to extract spatio-

temporal features from the supervisory control and data acquisition (SCADA) of wind

turbines in [111]. In [112], the authors present a Multivariate-TCN that constructs a

sub-model for each feature in the input data and the overall prediction is accomplished

by a combination of all sub-models.

2.3 Causal models

Differently from the previously presented topics (i.e., process monitoring, phase recog-

nition and temporal modeling), causality has origin from the philosophy with authors

such as Aristotle, Ovid, Hume and many others [49]. Causality is a topic addressed

in medicine, economics and social sciences and it is a broad concept investigated with
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multiple approaches in different fields. For example, in physics, causality is related

to the speed of light and direction of time [113], while in medicine, it is related to

the effectiveness of drugs or harms induced by interventions [114]. Indeed, the fol-

lowing state-of-the-art focuses on methods for inferring causality from data using the

computer science approach. There are currently two main causal frameworks that

have been shown equivalent in computer science [115]: the potential outcome and

the structural causal model framework respectively developed by Rubin and Pearl

[2, 116]. The potential outcome is used by practitioners to learn causal relationships

observing treatment and its effect on the outcome. Nevertheless, Gylmour in [115]

states that the potential outcomes framework is essentially a special case of a struc-

tural causal model (SCM). The SCM is a framework that allows modeling three levels

of hierarchical abstraction also called the ladder of causality [117]:

1. Association: Association is the ability to extract statistical relationships from

data. This type of correlation is estimated with probabilistic models, usually

inferred with conditional probability. Theoretically, with infinite data, associa-

tions can be inferred optimally;

2. Intervention: With intervention, we mean the ability to intervene on the sys-

tem and observe the results. Conditioning on a variable is different from inter-

vening. Conditioning belongs to the probabilistic framework, while intervention

belongs to causal theory. Conditioning is related to the system’s structure, while

when an intervention is performed, the underlying causal structure is changed.

The intervention breaks the control on the target variable of the intervention

and sets a constraint from that point on. For example, during the code exe-

cution, an intervention manually sets a variable to a specific value; therefore,

the value for that variable will not be affected by the system. This type of

abstraction is performed with do calculus [116]. It requires the possibility to

intervene in the system and observe the outcome.

3. Counterfactual: Counterfactuals hypothesize an intervention and evaluate the

result even if it is not happening. Therefore, the intervention is carried out in
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a hypothetical environment rather than on the actual system. In other terms,

counterfactual answer to the question "what would have happened if"? A type

of counterfactual question could be, for example: Given that the pandemic has

occurred and overseas vacations have been canceled, if the pandemic had not

arisen, where would you be on vacation? This type of abstraction is obtained

with the functional relations or structural [118].

Regarding process monitoring with causality, in the introduction, we describe the

concept of prognosis. We state that prognosis is the feature of process monitoring

that seeks to describe the process also considering the connection between different

phases. A causal model is able to describe the causal relations between variables

and infer a flow that follows the product rather than the time. Thus, the concept of

causality is much broader than correlation and describes a higher lever of abstraction.

It uses association between the quality features of the product as well as interventions

made by the operators or hypothetical outcomes.

2.3.1 Structural causal model

Structural causal model is a mathematical framework for modeling causality with

multiple variable under certain assumptions. Following notation in [119] a SCM 𝜚

with graph C → E

𝐶 := 𝑁𝑐, (2.8)

𝐸 := 𝑓𝐸(𝐶,𝑁𝐸), (2.9)

where 𝑁𝐸 ⊥⊥ 𝑁𝐶 , that is 𝑁𝐸 is independent of 𝑁𝐶 . This model show the random

variable 𝐶 as cause and the 𝐸 as effect. 𝐶 is a direct cause of 𝐸 and the causal graph

G is represented with C → E . The use of the assignment operator := makes

explicit the asymmetric nature of these equations. In other words, they are not to be

rearranged to solve for their inputs [120]. One of the advantages of SCM is that they

can be represented by graphical models. This representation is done through direct

acyclic graph (DAG). Pearl proposed a graphical model called Bayesian network in
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which each node represents a variable, and the arrows represent dependencies. Thus,

the graph entails a joint probability distribution across the variables. Causal graphical

models entails also intervention denoted with the 𝑑𝑜 notation. Following notation in

[120] we give the definition of causal graphical models:

Given X = (𝑋1, ..., 𝑋𝑑) random variables a graph G and a collection of function

𝑓𝑗(𝑥𝑗, 𝑥PA𝐺
𝑗
) that integrates to 1, these function induce a distribution 𝑃𝑋 over X via

𝑝(𝑥1, ..., 𝑥𝑑) =
𝑑∏︁

𝑗=1

𝑓𝑗(𝑥𝑗, 𝑥PA𝐺
𝑗
) (2.10)

Where 𝑝 have strictly positive, continuous density, PA are the parents of the node

and 𝑃𝑋 over X is Markovian. The previous equation allows us to define the indepen-

dencies between the graph nodes and associate them with conditional distributions.

This assumption allows using the D-separation rule to define independencies and

causal relationships between variables stating for independence. For Reichenbach’s

principle, indeed, if two random variables 𝑋 and 𝑌 are not independent then there

exists a third variable 𝑍 that causally influences both. (As a special case, 𝑍 may

coincide with either 𝑋 or 𝑌 .) Furthermore, this variable Z screens X and Y from

each other in the sense that given 𝑍, they become independent, 𝑋 ⊥⊥ 𝑌 |𝑍.

To deduce causation with graphical models the assumptions on faithfulness and

causal minimality must be satisfied. The two proprieties of the system are describe

as follow:

Consider a distribution 𝑃𝑋 and a DAG G.

1. 𝑃𝑋 is faithful to the DAG G if

𝐴 ⊥⊥ 𝐵|𝐶 → 𝐴 ⊥⊥𝐺 𝐵|𝐶 (2.11)

for all disjoint vertex sets 𝐴,𝐵,𝐶.

2. A distribution satisfies causal minimality with respect to G if it is Markovian

with respect to G, but not to any proper subgraph of G.
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Causal faithfulness relates statements about conditional independence that hold in

the graph structure. It states that a set of independencies that hold in the distribution,

can be extracted from the structure of the graph. This assumption can be violated if

there is a causal chain with opposite coefficients that cancel each other out.

Causal Sufficiency states that "for every pair of variables which have their observed

values in a given data set, all their common causes also have observations in the data

set". This condition defines that a pair is causally sufficient if all the common causes

of a pair of variables are measured, meaning that there are no hidden causes. If the

data is obtained in a closed system, we can justify that there are no latent variables

[121].

Extending SCM to time-series is fairly straightforward, supposing that the tempo-

ral process is stationary and that the above assumptions are met. Indeed, the causal

structure is consistent with the temporal order. Special attention should be given to

time series with instantaneous effects as they entail instantaneous cause-effect rela-

tionships and the assumption on causal Markov condition may not hold. However,

with a careful choice of sampling rate on the data, we can discretize each time series

with instantaneous effects into a time series without instantaneous relationships by

oversampling. The key concept behind time series SCM is that the causal relationship

is repeated over time. Figure 2-1 shows a causal graph representation in time series

with instantaneous effect (red arrows). A formal extension of SCM to time series is

done in [120].

2.3.2 Causal discovery for time-series

The field of causal discovery or structure learning aims to find causes in joint dis-

tributions and to infer a causal structure from the data (causal learning). There

are multiple approaches to causal discovery. Arguably one of the best methods is

to use randomized controlled experiments (RCE) that isolate the desired behaviors

in controlled environments. Others methods involve performing an intervention on

the system (treatment) and checking for different outcomes (effect). These methods,

however, assume having control of the system, which is not always feasible. For ex-
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Figure 2-1: Time-series causal graph models. Red arrows represent instantaneous
effect, blue arrows entails causation between variables at different time lag.

ample, while working with a company’s historical data, it is not possible to make new

interventions on data since the process has already occurred. Moreover, even if it is

possible to perform the intervention and record the outcomes while the production

is running, it may be too expensive for the company as it requires wasting products

and resources.

This led to the development of methods based on causal discovery from obser-

vational data. In the literature we can find numerous reviews for causal inference

from data [122, 123]. Most of these divide causal discovery methods into four types:

methods that use prediction improvements, those exploiting structural asymmetries,

score-based, and constraint-based.

1. Prediction improvement methods: These types of models use outcomes’

prediction to estimate the influence of the cause variables under the aforemen-

tioned assumption. To this class of methods belongs Granger causality. The

idea of Granger causality is that 𝑋 has a causal influence on 𝑌 if the prediction

of 𝑌 from its own past is improved by additionally accounting for 𝑋 [119]. That

is:

𝑋 𝐺𝑟𝑎𝑛𝑔𝑒𝑟 − 𝐶𝑎𝑢𝑠𝑒 𝑌 : ⇐⇒ 𝑌𝑡 ⊥̸⊥ 𝑋𝑝𝑎𝑠𝑡(𝑡)|𝑌𝑝𝑎𝑠𝑡(𝑡) (2.12)
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which means that 𝑋 has a causal influence on 𝑌 if the prediction of 𝑌 from

its own past is improved by additionally accounting for 𝑋. Even if Granger

causality is based on prediction, Eichler in [124] gives a theoretical justification

by relating the concept to other theoretical causality measures. To measure

the quantity of information added by the time series 𝑋 on 𝑌 transfer entropy

can be used [125]. Moreover, in literature, it has been proposed extension to

non-linear and multivariate models [126]. This method is the most widely used

in time series casual discovery and among the oldest, but it has limitations. It

is necessary to find the correct delay between variables to obtain a meaningful

causal prediction. Moreover, since external variables may influence multiple ob-

served variables, to affirm causality, it is necessary to condition all potentially

influential variables. Convergent cross-mapping (CCM), instead, assume that

interactions occur in an underlying dynamical system and attempt to uncover

causal relationships based on Takens’ theorem and non-linear state-space re-

construction. A causal relationship between two dynamical variables 𝑋 and 𝑌

can be established if they belong to a common dynamical system, which can be

reconstructed from time-delay embedding of each of the observed time series.

More specifically, if variable 𝑋 can be predicted using the reconstructed system

based on the time-delay embedding of variable 𝑌 , then we know that 𝑋 had

a causal effect on 𝑌 [127]. Therefore, while CCM is preferred for non-linear

system with few variable, Granger causality is suitable for heterogeneous time

series with linear relationships. In 2019, a challenge on causal structure learning

from time-series data (Causality 4 Climate) was presented at the Conference on

Neural Information Processing Systems 2019 (NeurIPS) [128]. Subsampled Lin-

ear Auto-Regression Absolute Coefficients (SLARAC) and Quantiles of Ridge

regressed Bootstrap Samples (QRBS) are the two algorithms that won the com-

petition and they both use prediction improvements. These methods regress

present on past values and inspect the regression coefficients to decide whether

one variable is a Granger-cause of another. SLARAC fits a VAR model on

bootstrap samples of the data each time choosing a random number of lags
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to include; QRBS considers bootstrap samples of the data and Ridge-regresses

time-deltas 𝑋(𝑡)−𝑋(𝑡−1) on the preceding values 𝑋(𝑡−1); Even these methods

are linear since they use OLS they obtain the best performance on non-linear

datasets [129]. Causal Discovery Framework (TCDF) uses attention-based con-

volutional neural networks combined with a causal validation step. TCDF can

also discover the time delay between a cause and its effect by looking at the

attention weight of the convolutional networks. It can include confounders and

instantaneous effects. Moreover, the attention weight estimate the strength of

the causal link [130]. The advantages of TCDF relay on the relaxed assumption

on the data and the uses of deep neural network to exploit dependence.

2. Asymmetry methods: Asymmetry methods test which nodes are more likely

to be a cause or effect using asymmetry in the distributions. These asymme-

tries can be exploited in multiple ways. If some dependant noise in added to one

variable, if this variable is a cause it will propagate to its effect variable. While

if the variable is an effect, the system is not going to report any changes to the

cause variable. However, these types of methods are generally difficult to scale

to many variables. Linear non-Gaussian Acyclic models (LINGAM) use the

independence between the noise and cause, which holds for only one direction

implying asymmetry between cause and effect. This method is based on func-

tional causal models. However, when both noise and variable are gaussian, the

model is not identifiable as no asymmetry arises. This method moreover works

with linear relationships on a small number of variables. Time Series Models

with Independent Noise (TIMINO), similarly to LINGAM, require independent

residual time series and use the additive model with structural equation mod-

els to find non-linear dependencies. It handles hidden confounders by staying

undecided instead of inferring any (possibly incorrect) causal relationship, but

it cannot scale to large numbers of variables [131].

3. Score methods: Score-based methods search over the space of possible graphs

trying to maximize a score function that reflects the most suitable graph to fit
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the data. This score is typically related to the likelihood of the graph given

the data. However, the number of possible graphs is super-exponential to the

number of variables. In [122] the objective function is descrived as:

�̃� = 𝑎𝑟𝑔𝑚𝑎𝑥𝐺 𝑂𝑉 𝐸𝑅 𝑋𝑆(𝐷,𝐺) (2.13)

where 𝐷 represents the empirical data for variables 𝑋, 𝐺 the graph and 𝑆 is

the scoring function. Greedy equivalent search (GES) is one of the most used

score-based algorithms []; instead of exploring the optimal DAG, it chooses

a node and analyses possible neighbors. Then, it keeps adding dependencies

between nodes until it reaches a maximum for each node. In the second step, it

removes dependencies and stops at an equivalence DAG. Bayesian information

criterion (BIC), Z-score or statistical hypothesis give the score for selecting

neighbors. Therefore it starts from an empty set of edges and increases the

Markov equivalence class iteratively. As for FCI, many variations of GES can

be found in literature [132]

4. Constraint methods: Constraint based method uses independence and de-

pendence constraints obtained from statistical tests to narrow down the candi-

date graphs that may have produced the data. They use independence tests to

remove possible false causal relationships and orientation rules to create a subset

of potential causal graph structures. These constraint-based causal discovery

methods can allow for the presence of latent confounders, feedback cycles and

the utilization of several (partially overlapping) observational or experimental

data sets [123]. Constraint-based methods can infer some causal orientations

on the basis of v-structures (unshielded colliders). The analyzed series can then

be represented as a DAG. However, not all DAGs have causal value. We re-

fer to [122] for the differences between DAGs and causal DAGs. One of the

first methods proposed for constraint based causal discovery is the Peter Clark

(PC) algorithm [133]. PC provides a search architecture that uses statistical

procedures. The PC algorithm is guaranteed to converge to the valid Markov
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equivalence class (i.e., a set of possible causal graphs) assuming, in addition to

the properties described in the paragraph 2.3.1, the absence of unmeasured con-

founders. The return of the PC algorithm is a completed partially direct acyclic

graph (CPDAG). It is composed of two steps. In the first step, it learns from

data a skeleton graph, which contains only undirected edges. In the second step,

it orients the undirected edges to form an equivalence class of DAGs. In section

4.1.1, a more in-depth explanation of the algorithm will be provided. Follow-

ing the Fast Causal Inference (FCI) algorithm have been proposed [134]. FCI

evolves from PC but allows the presence of unobserved variables and thus does

not assume causal sufficiency. It returns a maximal ancestral graph (MAG) in-

stead of a CPDAG that uses bidirectional edges. Different versions of FCI have

been proposed to optimize the algorithm computations [134]. FCI compared

to PC thus optimizes speed and assumption recruitment. Other works pro-

pose algorithms to relax the assumption on the data. In [135], authors propose

a Constraint-based causal Discovery from heterogeneous/NOnstationary Data

(CD-NOD) algorithm. CD-NOD is a nonparametric causal discovery method

with no hard restrictions on data distributions and causal mechanisms and that

does not rely on window segmentation. CD-NOD introduces a surrogate vari-

able into the causal system to characterize hidden quantities that lead to the

changes across domains or over time. Including a variable in the causal system

provides a convenient way to unpack distribution shifts to causal representa-

tions and, therefore, to adjust for non-stationarity or multiple domains. Finally

PCMCI is a causal discovery constraint based method for large-scale time series

datasets. PCMCI evolve from PC alghoritm as FCI but it allows a strong con-

trol on false positive thanks to a validation step with Momentary conditional

independence between lagged causal parents. PCMCI is explaned in section

4.1.1.

In Table 2.1 we report the above methods with the corresponding characteristics.

Research in causal discovery is very active and numerous algorithms are proposed

every year with different goals as relaxed assumptions, scalability or accuracy. We
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refer to the following literature reviews for a more extensive description of causal

discovery methods [122, 121, 125, 136].

Method Type Sufficency Faithfulness Large multivariate
time series Multi-Domain Output

PC Const. Yes Yes Yes No CPDAG
FCI Const. No Yes Yes No PAG
GES Score. Yes Yes Yes No CPDAG
LiNGAM Asym. Yes No No No DAG
TiMINo Asym. Yes No No No DAG
TCDF Pred. Yes Yes Yes No Binary
SLARAC Pred. Yes Yes Yes No Binary
QRBF Pred. Yes Yes Yes No Binary
CCM Pred. Yes Yes No No Binary
CD-NOD Const. No Yes Yes Yes CPDAG
PCMCI Const. Yes Yes Yes No DAG
Granger Pred. Yes Yes Yes No Binary

Table 2.1: Summary of causal discovery methods presented in section 2.3.2. Pro-
vides indication of assumptions of sufficiency, faithfulness as well as whether the
method is suitable for high dimensional data. The output can be Binary (cause-
effect), CPDAG (completed partially directed acyclic graph), DAG (directed acyclic
graph) and partial ancestral graph (PAG).

In this thesis, we used PCMCI causal discovery method. We choose a constraint-

based method as it is most suitable for our case study. Constraint methods apply

structural causal models that rely on independence instead of the Granger causal

approach based on prediction. Since our goal is to use the causal model as a precur-

sor for a monitoring system, using a prediction-based approach could have reduced

the advantages of testing independence in the causal graph and dependence with the

regressive model. We discarded score methods based on minimizing a function that

could lead to local models. A local model could have introduced a suboptimal equiv-

alent class. The methods based on asymmetries between cause and effect were unable

to satisfy the scalability of many variables, which is an important feature in an I4.0

manufacturing plant perspective.

Compared to other constraint-based methods, PCMCI allows an additional control

on false positive. This means that opposed to PC, CD-NOD and FCI, it allows

recreating the process flow without erroneous phase ordering. As explained in section

1.3.1, from the perspective of developing a monitoring system, reducing erroneous
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causation is more critical than detecting all possible relationships. Furthermore,

multi-domain flexibility is not a feature of interest for the predictive model. If the

domain is changed (e.g., through factory reconfiguration), the predictive model will

need to be adapted to the new domain making multi-domain adaptation unnecessary.

On the other hand, the causal sufficiency assumption remains a limitation for PCMCI

as it means that, for monitoring the product, all variables affecting the process must be

considered. Especially in SMEs, it is possible that some variables affecting product

characteristics (e.g., external temperature) are not monitored, and it may lead to

incorrect identification of cause and effect variables. Nevertheless, as reported in

section 4.1.1, fo our case scenario PCMCI is the most suitable algorithm for causal

discovery. We apply causal discovery to reconstruct the flow of a process. The

rigorousness of the constraint-based methods and the additional control on the causal

parents allows reaching high levels of accuracy as demonstrated in the experiments

in section 4.1.2. In addition, for PCMCI, a unique framework for time series has

been provided, which efficiently manages the computation of causal relationships at

different delays.

2.4 Conclusions

This chapter initially presents the state-of-the-art methods adopted in process phases

recognition. The problem is represented as a classification task that can employ super-

vised, semi-supervised or unsupervised machine learning. We subsequently focused

on supervised methods used in Surgical Robotic Systems as they represent an area

of excellence for recognizing the process phases. Then, we focus on state-of-the-art

methods applied specifically in the I4.0 context. Therefore, we highlighted the recog-

nition of several operations during a human robotic procedure and the decomposition

of plant-wide process phases in the I4.0 domain.

In the second section, we presented state-of-the-art predictive models describing

the different challenges addressed. We focused on the use of deep learning, which

is widely used to solve forecasting problems given the capability of modeling com-
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plex non-linear relationships. We presented various architectures for neural networks

such as convolutional networks, feedforward networks and recurrent networks. Sub-

sequently, we presented some research on forecasting applied in the manufacturing

sector.

Finally, in the last section, we introduced the concept of causality by defining

structural causal models. We have highlighted the assumptions that must be con-

sidered to infer causal discovery from the data. We focused on causal discovery for

time series by displaying state-of-the-art algorithms. In section 2.3.2 we highlight the

advantages and limitation between the the various methods for causal discovery on .
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Chapter 3

Phase recognition with Time Delay

Neural Network

In this chapter, we introduce a novel method for industrial process phase recognition.

We design the recognition of phases as a classification task from a heterogeneous

set of signals. The contribution given in this chapter is to apply a supervised deep

learning method that uses a convolutional architecture to process time series with

distant temporal recurrences. We validated the method on two datasets specifically

created to replicate industrial processes adopting HRC and a third dataset used as a

benchmark in the context of phase recognition. As a result, we achieve higher accuracy

by recognizing characteristic movements and actions performed in each phase.

The chapter is organized as follows: in section 3.1 we describe the recognition of

phases as a supervised classification problem. In section 3.2, we present the time delay

neural network (TDNN) model; we display the TDNN architecture and the differences

with a standard convolutional models. The experiments performed are outlined in

section 3.3. In the same section, we present the datasets, the evaluation methodology

and the metric used. Following, we display the results obtained, discussing them in

detail. The conclusions of the chapter are made in section 3.4.
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3.1 Automatic process phase classification

In continuous manufacturing processes, the raw materials advance through several

phases to create the final product as reported in section 1.3.1. Therefore, distin-

guishing between phases becomes necessary to follow the product’s progress. The

advantages of dividing the process into phases are multiple. For example, it allows to

describe the process, compute explicit metrics (lead times, product’s variation, fail-

ure rate), activate specific safety protection during dangerous situations, or optimize

the process in general. As mentioned in the section 1.3.1, generally, the transition

between phases takes place within temporal synchronization, through rotors or con-

veyor belts that determine the speed of product progress. In these cases, it is possible

to distinguish phases analyzing the PLCs that regulate the movements in the plant.

However, when the industrial process has collaborative phases or non-deterministic

steps, recognizing different process phases is complicated. It is impracticable to syn-

chronize events using temporal constraints in a similar scenario. Indeed, the duration

and sequence of the phases could vary depending on how the user performs these

gestures. For example, in the case of the collection of an object by an operator, we

need to discretize the phases of collection, movement and deposit of the object using

action recognition. The operator may perform the gestures differently, affecting the

duration of the movements or skip some phases (e.g, with a defective product). Since

it is not possible to use time, it is necessary to recognize production phases from

the actions and gestures performed by robots or operators as well as from sensors of

the surrounding environment. The proposed method is a discriminative supervised

algorithm which interprets the situation and automatically classifies the phases for

heterogeneous data sources.

3.2 Time delay neural network

Assuming that the number of phases is known, we can represent an automatic phase

recognition system as a classification problem. Using Equation 2.1 and following
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notation proposed in [52], we can define a classification dataset as:

𝑆 = {𝑋𝑖, 𝑐𝑖}𝑛𝑖=1 (3.1)

with 𝑋𝑖 = [𝑥
(1)
𝑖 (𝑡), . . . , 𝑥

(𝑗)
𝑖 (𝑡), . . . , 𝑥

(𝑝)
𝑖 (𝑡)], where 𝑝 is the number of sensor used as

input, 𝑖 represent the 𝑖𝑡ℎ istance in the dataset composed of 𝑛 elements, 𝑐 ∈ C with

C being the known set of phases of the process also called classes. The dataset 𝑆 is

divided into two parts such that:

𝑆 = 𝑆𝑡𝑟𝑎𝑖𝑛 ∪ 𝑆𝑡𝑒𝑠𝑡 with 𝑆𝑡𝑟𝑎𝑖𝑛 ∩ 𝑆𝑡𝑒𝑠𝑡 = ∅ (3.2)

Supervised machine learning models denoted as 𝑓 are built minimizing the loss func-

tion during the training phase using 𝑆𝑡𝑟𝑎𝑖𝑛 data. The loss function can be defined

as:

𝐿𝑜𝑠𝑠 =
𝑛𝑡𝑟𝑎𝑖𝑛∑︁
𝑖=1

𝑑
[︀
𝑓
(︀
𝑋 𝑡𝑟𝑎𝑖𝑛

𝑖

)︀
, 𝑐𝑡𝑟𝑎𝑖𝑛𝑖

]︀
(3.3)

Where 𝑑 is a defined distance metric. The model is validated in the testing phase

using the data from 𝑆𝑡𝑒𝑠𝑡. As already mentioned in section 2.2.1, a deep neural

network is a composition of L parametric functions referred to as layers where each

layer is considered a representation of the input domain [137]. One layer 𝑙𝑘, such as

𝑘 ∈ 1 . . . 𝐿, contains neurons, which are small units that compute one element of the

layer’s output [138]. The layer 𝑙𝑘 takes as input the output of its previous layer 𝑙𝑘−1

and applies non-linearity to compute its own output. The behavior of these non-linear

transformations is controlled by a set of parameters 𝑊𝑘 for each layer. In the context

of DNNs, these parameters are called weights which link the input of the previous

layer to the output of the current layer. Hence, given an input 𝑋𝑖, a neural network

performs the following computations to predict the class:

𝑓𝐿(𝑊𝐿, 𝑥) = 𝑔𝐿−1(𝑊𝐿−1, 𝑔𝐿−2(𝑊𝐿−2, . . . , 𝑔1(𝑊1, 𝑥))) (3.4)

were 𝑔 represent non linear function [138]. Convolutional neural networks are based
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on a convolution operator that produces an output feature map 𝑆 by sliding a kernel

(𝑤) over the input 𝑋. The kernel’s dimension is fixed for each layer 𝐿; its value is

given by the weights 𝑊 learned with training. Each element in the output feature map

is obtained with the element-wise multiplication between the layer’s input and the

kernel. The number of kernels (filters) 𝑀 used in a convolutional layer determines the

depth of the output volume (i.e., the number of output feature maps). Considering

a 1D time-series 𝑋𝑝 and a one dimensional kernel 𝐾(𝑊1), the 𝑖𝑡ℎ element of the

convolution between 𝑋𝑝 and 𝑤 is:

𝑠(𝑖) = (𝑋𝑝 *𝐾(𝑤))(𝑖) =

|𝑘|−1∑︁
𝑗=0

𝑥(𝑖− 𝑗)𝑤(𝑗) (3.5)

As reported in [107] the main three advantages of the convolutional neural network

are the following:

• Local connectivity: each hidden neuron is connected to a subset of input neurons

that are close to each other

• Parameter sharing: the weights used to compute the output neurons in a feature

map are the same, so that the same kernel is used for each location.

• Translation equivariance: the network is robust to an eventual shifting of its

input

When applied to time series, convolutional operation occurs between an instant of

time 𝑋𝑡 of the input signal or eventually of the feature map and the instant of time

𝑋𝑡−1. As the application of convolutional filters in an image produces a distortion on

the output for specific features, in the case of signals, the convolution allows elaborat-

ing the input signal at different frequencies resulting in enhanced temporal modeling.

Time delay neural network (TDNN) uses temporal convolution to model features from

different sensors at varying frequencies. TDNN has a pyramidal structure due to a

wider temporal context [6]; the initial transforms are learnt on narrow contexts and

the deeper layers process the latent variables from using kernel’s dilatation, as shown

in Figure 3-1.
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Figure 3-1: TDNN network architecture from [6].

They were firstly proposed for speech recognition in 1989 by Waibel [139]. The

deeper layers can learn wider temporal relationships, thus providing a higher feature

abstraction. This enables the recognition of longer time features thanks to wider

receptive field, thus modelling gestures and movements considering different temporal

context. During back-propagation, due to the pyramidal structure, the network is

updated by a gradient accumulated over different temporal resolution of the input.

Thus, the lower layers of the network are forced to learn translation invariant feature

transformation [6]. TDNN uses dilated convolutions that employ a padded kernel to

learn more distant features. Given a dilation factor 𝑑 the convolution on a single time

series with a one dimensional kernel is described as:

𝑠(𝑖) = (𝑋𝑝 *𝑑 𝐾(𝑤))(𝑖) =

|𝑘|−1∑︁
𝑗=0

𝑥(𝑖− 𝑑𝑗)𝑤(𝑗) (3.6)

A padded kernel on a two dimensional feature is represented in Figure 3-2. This is

a major advantage of stacked dilated kernels is that while for standard convolutions

the receptive field 𝑟 grows linearly with the depth of the network 𝑟 = k(𝐿 − 1) with
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Figure 3-2: 3x3 convolution kernels with different dilation rate as 1, 2, and 3 on two
dimensional input [7].

in the dilated convolutions the dependence is exponential 𝑟 = 2𝐿−1k with increasing

dilation factor 𝑑. This ensure that a much larger history size is used by the network.

We define a block 𝐵 as a tuple < 𝑠(𝑖), 𝑅𝑒 > were 𝑠(𝑖) is dilated convolution and

𝑅𝑒 is a Rectified Linear Unit activation function. The block are stacked with an

increasing dilatation rate. The number of blocks 𝑁 used in our network depends on

the number of features 𝑆 contained in the input vector. A fully-connected layer with

softmax activation function (i.e., a generalizes logistic function) is applied to obtain

classification results, i.e. 𝑌 vector.

3.3 Experiments

We apply TDNN on three different datasets and evaluate the proposed method ability

for phase recognition. Two of them were created specifically for simulating a collabo-

rative industrial process, while the other is extensively used as a benchmark dataset

to recognize actions in SRSs. In particular the first presented dataset aim to describe

an I4.0 industrial process with numerous sensors, the second describe precision move-

ments perform by an expert operator and the third compare TDNN performance with

state-of-the-art models. In this section we present the datasets, the metrics and the

cross validation used.
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3.3.1 Datasets

• ICRT (Industrial Collaborative Robot-human Task) The ICRT dataset

employ four devices for the interaction between a human operator and a col-

laborative robot. The sensors used are a Leap Motion device [140], an ArUco

marker [141], an Intel RealSense [142] camera and a Panda robot [143]. A total

of 144 features are extracted from these devices simulating an I4.0 environment

with heterogeneous sensors. Thus, we used data extracted directly from ma-

chines (robot kinematics) and data obtained from the supervising sensors such

as Leap Motion and ArUco marker. The product is represented with a ring to

avoid complications from manipulating the object, such as incorrect grasping.

The product is grasped using a tool that extends the experiment to scenarios

where the object is unsuitable for human contact. The setup is shown in Figure

Figure 3-3: 1) ICRT setup from [6]. ICRT dataset setup. (A) Intel RealSense, (B)
Panda robot, (C) Leap Motion, (D) ArUco marker, (E) Drop point for robot, (F)
Tool for interacting with ring. 2) JIGSAWS setup from [8]. (A) suturing, (B) knot-
tying,(C) needle-passing

3-3, highlighting the sensors used and the salient points of the task. The ex-

79



periment is described as follows: in the first phase, a human operator picks the

ring through a tool to avoid direct contact with the hand. Then the user moves

it to an arbitrary position and releases the ring. The second phase involves the

scene segmentation and ring recognition by the RealSense camera sensor, and

afterward, the robot picks up the ring and then places it to the drop point,

then it will release the ring. When the robot ends the task, it returns to a

ready position waiting for a new task to be executed. The entire task will be

described by:

– The Leap Motion data to capture hand movements

– The robot joints position and the end-effector pose to capture the motion

of the robot

– The ArUco to track the movements of the ring.

These values are labelled and detailed in Table 3.2. This task has been re-

peated 40 times by a single human operator. The dataset and related detailed

documentation is available at gitlab.com/altairLab/ICRT.git

• VIT-MR (Virtual Industrial Task Master-slave Robot) The VIT-MR

dataset was created to replicate all the steps of the robotic-assisted teleoper-

ated manipulation process practiced in high precision small-scale manufactur-

ing. The user controls remote slave manipulators from Leo master console [144]

visible in Figure 3-4, a compact hardware device integrating two masters manip-

ulators, high-definition stereo viewer and foot-pedals tray. The console guaran-

tees an immersive user experience, which enables ergonomic slave manipulators

controls and enhanced magnified vision. In addition, simulated slave manipula-

tors provide high-dexterity and movement scaling to ensure precise and stable

components manipulation during the assembly process. We have implemented

a simulated environment using a research version of Xron (BBZ srl, Verona,

Italy), a realistic virtual simulator suitable for high fidelity applications, such

as medical training. We have used this experimental setup to reproduce kine-
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Figure 3-4: 1) The hardware training console used by one of the students dur-
ing data acquisition. 2) Example of the Virtual task considered in the VIT-MR
dataset: four colored rings need to be placed in the corresponding peg from [6].

matic variables similar to a real master-slave robotic setting in the industrial

field. The manipulation task involves positioning a set of colored rings in their

correct position on a pegboard, as shown in Figure 3-4. The exercise consists in

lifting a ring with one of the robotic tools, passing the ring on the other robotic

arm and positioning it in the corresponding pole. A group of 17 users without

significant experience in robotic assisted manipulation has been enrolled in this

study. All the users have no more than one hour of experience in using similar

robotic systems. Each subject had a time slot of one hour, the first half is

dedicated to practicing with the specific platform and the second half is ded-

icated to the recorded trials. Each subject performed from a minimum of ten

to a maximum of twenty trials, resulting in 256 sequences. Multiple users with

different levels of experience allow the model to be robust to specific bias in the

movements execution and enhance phases recognition. The dataset and related

detailed documentation is available at gitlab.com/altairLab/VIT-MR.git.

• JIGSAWS (JHU-ISI Gesture and Skill Assessment Working Set) JIG-

SAWS is a dataset widely used in SRS action recognition, being the reference

benchmark dataset. We decided to include this dataset because of the com-

plexity of the gestures performed by surgeons and the large number of recent

methods to compare with. Three robotic-assisted surgery simulation exercises
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ID JIGSAWS ICRT VIT-MR

0 Reaching for needle
with right hand

Hand pick the tool
with the ring Colleting the ring

1 Positioning needle
Move the ring with

the tool at an arbitrary
point

Passing the ring
from the right arm to

the left arm

2 Pushing needle
through tissue Release the tool Posing the ring

in the correct pole

3 Transferring needle
from left to right

Robot identify
and pick the ring

Failing grabbing
the ring

4 Moving to center
with needle in grip

Let the robot move
the ring at drop point

Failing passing the
ring from right arm

to left arm

5 Pulling suture
with left hand

Robot release
the ring

Failing posing the ring
in the correct pole

6 Pulling suture
with right hand

7 Orienting needle

8 Using right hand to
help tighten suture

9 Loosening more
suture

10 Dropping suture at end
and moving to end points

11 Reaching for needle
with left hand

12 Making C
loop around right hand

13 Reaching for
suture with right hand

14 Pulling suture
with both hands

Table 3.1: Phases and ID for each datasets
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(suturing, knot-tying and needle passing) were performed on a da Vinci surgi-

cal system at Johns Hopkins University [8]. Motion data collected from the da

Vinci API were collected and made available online. The JIGSAWS consists of

39 trials of Suturing task, 36 trials of Knot tying, and 28 trials of Needle Pass-

ing. Each task was performed by eight users. The previous experience with

the da Vinci surgical system vary significantly between users. Some users had

fewer than 10 hours as past experience with SRS while others have more than

100 hours. Experienced operators generally perform smoother movements and

therefore are easier to recognize. In [8] the experience levels for each user are

reported. The three tasks include:

– Suturing (SU): the subject picks up needle, proceeds to the incision (des-

ignated as a vertical line on the bench-top model), and passes the needle

through the tissue, entering at the dot marked on one side of the incision

and exiting at the corresponding dot marked on the other side of the inci-

sion. After the first needle pass, the subject extracts the needle out of the

tissue, passes it to the right hand and repeats the needle pass three more

times;

– Knot-Tying (KT): the subject picks up one end of a suture tied to a flexible

tube attached at its ends to the surface of the bench-top model, and ties

a single loop knot;

– Needle-Passing (NP): the subject picks up the needle (in some cases not

captured in the video) and passes it through four small metal hoops from

right to left. The hoops are attached at a small height above the surface

of the bench-top model.

The motion is described by a local frame attached at the distal end using 19

kinematic variables; therefore, there are 76-dimensional data considering the

four manipulators involved: left and right for master and slave side. The 19

kinematic variables for each manipulator include Cartesian position, rotation

matrix, linear velocities, angular velocities, and instrument gripper angle. The
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JIGSAWS
Column indices Description of variables
1-3 Left MTM tool tip position
4-12 Left MTM tool tip rotation matrix
13-15 Left MTM tool tip linear velocity
16-18 Left MTM tool tip rotational velocity
19 Left MTM gripper angle velocity
20-38 Right MTM kinematics
39-41 PSM1 tool tip position
42-50 PSM1 tool tip rotation matrix
51-53 PSM1 tool tip linear velocity
54-56 PSM1 tool tip rotational velocity
57 PSM1 gripper angle velocity
58-76 PSM2 kinematics
VIT-MR
Column indices Description of variables
0 Process phase
1-15 Rotation and translation Right
16 Gripping Angle Right
17-28 Rotation and translation Left
29-31 Cartesian position Left
32 Gripping angle Left
ICRT
Column indices Description of variables
0 Gesture
1-7 ArUco Marker Cartesian position and orientation in quaternions.
8-16 Robot joint angles
17 Timestamp
18-25 End-effector cartesian and orientation
26-114 Leap motion hand feature (87)

Table 3.2: Features for each datasets

classification classes are fifteen and are defined in Table 3.1. The dataset and

related detailed documentation is available at https://cirl.lcsr.jhu.edu/

research/hmm/datasets/jigsaws_release/.

3.3.2 Evaluation

To evaluate our model, we use Leave One User Out (LOUO) evaluation. LOUO

cross-validation is performed by splitting the dataset in the training and testing set.
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During the training, we exclude a single user that is later used for testing. This

procedure is repeated for all users. The reported result will be the average between

the result of each user. For the ICRT dataset, instead of LOUO, leave-5-out was used

since a single user is available. Consequently, five repetitions of the task excluded

as testing and the remaining for training, thus obtaining eight different splits. To

facilitate understanding, we report in Table 3.3 the information on the evaluation

methodology applied.

Dataset Cross-validation repetition N.task in total
ICRT Leave-5-Out 8 40

VIT-MR Leave-One-User-Out 17 256
Suturing Leave-One-User-Out 8 39

Needle-Passing Leave-One-User-Out 8 28
Knot-tying Leave-One-User-Out 8 36

Table 3.3: Cross validation for each dataset

3.3.3 Metrics

As metrics, we used the macro and micro accuracy with standard deviation and

training time for each repeated task. Micro-average is preferable for classification

on unbalanced classes since it aggregates the contributions of all classes to compute

the average metric, while macro-average computes the metric independently for each

class and then takes the average. For ICRT and VIT-MR we also report the confusion

matrix of the results in the discussion. Following notation in [11], a confusion matrix

𝐶𝑓 (𝑓 = {1, 2, . . . , 𝐹}) of size [𝑛, 𝑛] is computed as

𝐶𝑓 [𝑖, 𝑗] = number of 𝑐𝑙𝑎𝑠𝑠 𝑖 samples predicted as 𝑐𝑙𝑎𝑠𝑠 𝑗. (3.7)

The complete confusion matrix 𝐶 is the sum of all of the confusion matrices.

𝐶 = 𝐶1 + 𝐶2 + . . .+ . . . 𝐶𝐹 . (3.8)
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Given the complete confusion matrix, the Micro average is computed as the average

of total correct predictions across all classes

Micro =

∑︀𝑛
𝑖=1𝐶[𝑖, 𝑖]∑︀𝑛
𝑖,𝑗=1𝐶[𝑖, 𝑗]

(3.9)

the Macro average is performed as:

Macro =
1

𝑛

𝑛∑︁
𝑖=1

𝐶[𝑖, 𝑖]∑︀𝑛
𝑗=1𝐶[𝑖, 𝑗]

(3.10)

3.3.4 Results

The results are reported in Table 3.4 and Figure 3-5. For the JIGSAWS dataset we

present the results only for the TDNN as many other models can be referenced in

literature for comparison. In [10, 11] a review of the performances obtained by each

method on JIGSAWS Suturing is outlined.

Figure 3-5: Normalized confusion matrix, color indicates the probability of clas-
sification as represented by the scalar number, index are referred in Table 3.1 (1)
ICRT, (2) VIT-MR.
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Method Dataset

VIT-MR
Micro-Accuracy Macro Accuracy

Time Delay Neural Network 69.76 ± 6.08 53.85 ± 3.508
Long-Short Term Memory 60.86 ± 8.60 42.35 ± 3.50

Random Forest 62.16 ± 8.914 42.7 ± 3.792
Support Vector Machine 54.55 ± 10.42 32.11 ± 5.254

ICRT
Micro-Accuracy Macro Accuracy

Time Delay Neural Network 86.95 ± 3.693 79.04 ± 4.902
Long-Short Term Memory 65.83 ± 13.18 51.98 ± 15.07

Random Forest 86.92 ± 3.558 80.32 ± 5.126
Support Vector Machine 41.19 ± 1.72 6.865 ± 0.28

JIGSAWS Sututing
Micro-Accuracy Macro Accuracy

Time Delay Neural Network 74.4 ± 7.41 53.89 ± 8.39
GMM-HMM [11] 80.83 65.03± 33.07

LDS [11] 73.64 51.75±32.91
BiLSTM [10] 84.7 -
MS-RNN [10] 90.2 -

JIGSAWS Knot-Tying
Micro-Accuracy Macro Accuracy

Time Delay Neural Network 73.44 ± 9.58 70.27 ± 12.17
GMM-HMM [11] 78.44 72.68±21.31

LDS [11] 71.42 63.99±24.51

JIGSAWS Needle-passing
Micro-Accuracy Macro Accuracy

Time Delay Neural Network 64.36 ± 11.65 48.26 ± 7.83
GMM-HMM [11] 66.22 62.70±16.38

LDS [11] 47.96 32.59±29.74

Table 3.4: Result for macro and micro accuracy for the datasets. For JIGSAWS
refer to [10, 11]

3.3.5 Discussion

This experiment aims to validate the TDNN for industrial process phases recognition.

In particular, we focus on addressing two main challenges:

87



• Infer phases of the process from heterogeneous sets of sensors.

• Recognize complex actions composed of multiple movements in a collaborative

task.

TDNN presents the best results on the VIT-MR dataset, obtaining the highest

accuracy on both: micro and macro accuracy. The proposed method can interpret

the kinematic sequence of data by defining the temporal correlation as a fundamental

characteristic for recognizing gestures. In the VIT-MR dataset, the data are asso-

ciated with the movements performed by the users on the Leo master console (i.e.,

master manipulator kinematics). Since the data doesn’t contain information from the

simulated environment, the phases are described exclusively by spatial and temporal

features on the movements. Figure 3-5, confirms that the majority of errors are made

between a phase and its corresponding failed action (e.g., pick-up/fail pick-up); there-

fore, the network infers specific characteristics of the movements. In VIT-MR, it is

difficult to detect errors from kinematics since the ring’s actions are not recorded. For

example, recognizing a recovery action is challenging if the ring is stuck or placed in

the wrong pole. Moreover, fewer instances of error classes are available in the dataset.

The lower accuracy in the error classes justifies the difference in magnitude between

micro and macro accuracy. In general, in addition to a suitable recognition method

is essential to keep track of the surrounding environment using different sensors for

correct recognition of process phases.

On the ICRT dataset, TDNN performs similarly to random forest while the ac-

curacy is sensibly higher than LSTM and SVM. ICRT is a smaller dataset compared

to VIT-MR and presents less variation as represented by the standard deviation of

random forest and TDNN. It is reasonable that the small dimension of the dataset

penalizes the TDNN, since ANN generally performs better with lots of data [103].

Nevertheless, TDNN shows a remarkable ability to extract features from multiple sen-

sors. The wide diversity of signals analyzed in the ICRT datasets prove that TDNN is

suitable for various industrial scenarios. Devices as infrared cameras, Aruco markers

or robot kinematics can provide distinct information on a wide variety of HRC pro-

88



cesses. Moreover, the performance increases significantly when the task is performed

only by an automated system. The confusion matrix in Figure 3-5 shows that the

phases of the process performed by the operator in the ICRT task (i.e. 0,1,2) are more

difficult to recognize than those performed independently by the robot (i.e. 3,4,5).

The automated phases have an accuracy of around 90%. These results demonstrate

that the use of systems for the recognition of process phases in an industrial context

can be easily extended to robotic procedures without overloading the operators in

integrating these systems with the PLC.

The movements performed by surgeons in the JIGSAWS dataset, being from a

surgical context, are particularly complex. JIGSAWS, contains detailed actions per-

formed by surgeons (called surgemes) that are more intricate than regular motion

movements. The results show that the TDNN reaches state-of-the-art accuracy and

recognizes the correct movement in more than 70% of cases for micro accuracy. How-

ever, since it is an extensively used dataset for action recognition for SRS, some

state-of-the-art methods outperform TDNN. Different factors have to be considered

in the comparison. First, in [10], the results focus exclusively on the suturing exercise.

The goal of our experiment is to apply TDNN over a wide range of movements rather

than to optimize the result for a single exercise, therefore, it is reasonable that TDNNs

do not reach the highest level of accuracy available in the literature. In [145] TDNN

trained exclusively on suturing reached, indeed, a micro accuracy of 80%. Bidirec-

tional LSTM and MS-RNN achieves higher accuracy on kinematics at the expense of

model complexity and higher parameter tuning time. The results also highlight that

the standard deviations for JIGSAWS datasets are higher than other datasets. This

is mainly due to the substantial variance between operators’ experience with SRS.

3.4 Conclusions

In chapter 3, we applied TDNN in the context of industrial phases classification. The

pyramidal structure allows features to be analyzed at different scales, enhancing pat-

tern recognition from data. This architecture has proven to be efficient in interpreting
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the actions of both operators and robots. Its capability was demonstrated on three

datasets. The experiments suggest that TDNN can describe the phases of an I4.0

process from the data by interpreting movements and action, even in cases of very

complex and articulated movements.

Publications: Most of the results presented in the paragraph have been already

published in the following papers:

• G. Menegozzo, D. Dall’Alba, A. Roberti, and P. Fiorini, “Automatic process

modeling with time delay neural network based on low-level data.,” Procedia

Manufacturing, vol. 38, pp. 125–132, 2019, doi: https://doi.org/10.1016/

j.promfg.2020.01.017.

• G. Menegozzo, D. Dall’Alba, C. Zandonà and P. Fiorini, "Surgical gesture

recognition with time delay neural network based on kinematic data," 2019

International Symposium on Medical Robotics (ISMR), 2019, pp. 1-7, doi:

https://doi.org/10.1109/ISMR.2019.8710178.
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Chapter 4

Predictive monitoring with causal

precursors

In this chapter we introduces a procedure for monitoring a key quality variable in

manufacturing SMEs. The main contributions in the presented procedure are the

following

• Inferring the flow of the production plant by reconstructing the causal relation-

ships between machine’s parameters.

• Develop a predictive procedure based on supervised deep learning that integrate

causal precursors and domain’s experts knowledge.

In section 4.1 we infer the flow of the production using causal discovery. We

present the PCMCI algorithm and prove its effectiveness in a synthetic scenario that

replicates the characteristics of an industrial plant. PCMCI allows to infer cause-effect

relationships between phases and reconstruct the flow of the process. In section 4.2

we present the predictive procedure that exploits the inferred causal model to build a

specific ANN architecture for forecasting a quality feature of the final product. The

deep learning architecture called S-TCN is explained in section 4.3. Similarly, we

present and discuss the experiment done on the S-TCN architecture. In Figure 4-1

we present a summary of the fourth chapter highlighting the predictive procedure

which combines causal discovery and ANN.
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Figure 4-1: Summary of chapter 4.

4.1 Causal modeling of manufacturing plant

In chapter 3 we presented an automatic system for recognizing different process

phases. In continuous processes, besides partitioning the process into phases, it is

essential to establish an organized execution sequence that defines the flow of the

process. Since the product evolves over time, starting from raw material and ending

with the finished product, to describe the process, it is crucial recognize also the

relationships between phases. Indeed, each phase affects specific characteristics of

the product, thus, modifications made on the product are propagated to subsequent

phases, refining the quality in the final product. Causal discovery allows to recon-

struct the cause-effect relationships within a plant. In this section, we propose to

use a causal discovery method to reconstruct the process flow of a plant from sig-

nals extracted from machines during the production. The sequentiality of continuous

manufacturing processes assures that the causal relationships between machines are

consistent with the process flow. We exploit the idea that a variation that occurs in a

specific phase will propagate in the following, so it has a causal effect on the remain-

ing production; vice versa, if the variation is not propagated to other machines, the

phase belongs to the final stage of the production.

Reconstructing the causal model of the plant has multiple advantages for the

company. In this thesis, we demonstrate the use of causal relationships to improve
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the monitoring system for a characteristic quality variable of the final product. The

causal model of the plan can also be used to suggest additional protocols for in-line

intervention performed by operators.

4.1.1 PCMCI

Causal discovery in multivariate time series aims to identify the relevant cause-effect

relationships and find their effective activation between time lagged values [146]. With

time lagged values we define the number of temporal instances that occur between

intervening on a cause variable and the manifestation of the change in the quality of

the final product. PCMCI is a constraint-based method that uses independence tests

to exploit causal effects between time series. PCMCI is based on a condition-selection

step, followed by a momentary conditional independence (MCI) test [147, 148]. The

first step is based on Peter-Clark (PC) algorithm [134], while the MCI step has been

introduced in [148] to account for autocorrelation, leading to improved control of

false-positive rates. The PC algorithm learns from data a (partially) directed graph

that represents the Markov equivalence class of the underlying distribution [134]. It

starts with a fully connected undirected graph thus assuming as a starting condition

that all the variables are dependent on each other. Then it iteratively tests pairs of

variables for conditional independence given conditioning sets of increasing size. PC

defines that 𝑋 is a direct cause of 𝑌 with respect to a set of variables Z if changing

the value of 𝑋 results in changes in the probability distribution of 𝑌 , assuming that

all the values of variables in Z are held constant [149]. We use upper-case letters to

denote random variables and bold-face to denote variable sets. During each iteration,

the PC algorithm checks the independence of two variables and then adds a variable in

Z. If conditional independence is maintained with all variables in Z, PC removes the

arc between the two nodes as they are considered independent. The result will be an

undirected graph [148]. The significance level of these tests is given by 𝛼 parameter.

Then, a set of four orientation rules is applied recursively to orient the undirected

edges and obtain an equivalence class of partially directed graph. The final output

of PC algorithm is a partially directed graph. In the second phase, the momentary
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conditional independence (MCI) is used to test whether 𝑥𝑖
(𝑡−𝜏) → 𝑥𝑗

𝑡 with

𝑀𝐶𝐼 : 𝑥𝑖
(𝑡−𝜏) ⊥̸⊥ 𝑥𝑗

𝑡 |𝒫(𝑥𝑗
𝑡) ∖ 𝑥𝑖

(𝑡−𝜏) ,𝒫(𝑥𝑖
(𝑡−𝜏)) (4.1)

Where 𝒫 stands for parents, 𝑡 runs through the samples up to the time series length,

𝜏 depends on the application and can be chosen according to the maximum causal

time lag expected in the complex system, ⊥̸⊥ indicates dependence and → causation

between two variable 𝑥𝑖, 𝑥𝑗 ∈ X where 𝑖 ̸= 𝑗 and X is the set of all variables. The ad-

ditional condition on the lagged parents 𝒫(𝑥𝑖
𝑡), 𝒫(𝑥𝑖

(𝑡−𝜏)) accounts for autocorrelation,

leading to correctly control false-positive rates [148]. We decide to apply this method

because it is superior to PC or to full conditional independence testing (FullCI) as

demonstrated in [148]. A diminished number of false positives leads to a reduction

in the amount of detected cause-effect relationships. This aspect is interesting for

monitoring systems that can integrate the reduced outcome of the causal discovery

algorithm for improved efficiency. We apply two different types of independence tests:

• Partial correlation: Partial correlation of 𝑋 ⊥⊥ 𝑌 |Z is estimated in two-stage

procedure: a multivariate regression of 𝑋 and 𝑌 on Z, followed by a correlation

test on the residuals based on T-student test. It is therefore applicable only to

the multivariate Gaussian case which can only capture linear dependencies.

• Conditional mutual information: Non-linear dependencies are evaluated with

a non-parametric test for continuous data based on conditional mutual infor-

mation combined with a local permutation scheme. The conditional mutual

information (CMI) is zero if and only if 𝑋 ⊥⊥ 𝑌 |Z. An estimator for mutual

information was developed by Kraskov from the nearest-neighbour entropy es-

timator [150].

The PCMCI output is a |X| * |X| * 𝜏𝑚𝑎𝑥 tridimensional matrix that returns the

causal precursors, for each variable 𝑥− ∈ X and for each corresponding time lagged

delay 𝜏 . In practice, if the industrial plant setting remains unchanged, a cause variable

should manifest its effect always at the same time delay. The experiments done on
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causal discovery with PCMCI are described in section 4.1.2.

To summarize, PCMCI is a constraint-based method with strong control on false

positive that uses independence test to exploit causal effect between time series as

explained in section 2.3.2. The analysis framework used in this work was developed

by Runge [147]. The method has three free parameters:

1. 𝛼: The 𝛼 value that is the significance level of the PC algorithm. The higher

the value of 𝛼, the higher the number of edges which will be kept in the model.

2. 𝜏 : The 𝜏 value that indicates the maximum time lag for MCI test. This is given

by the maximum causal time lag expected in the complex system.

3. Independence test: The independence test that are described above: partial

correlation and conditional mutual information.

In this thesis, as explained in section 2.3.2, we use PCMCI to perform causal

discovery and reconstruct the flow of a production plant from data. We chose to use

PCMCI for the following reasons:

• PCMCI is suitable for high-dimensional data. In particular, in combination

with the partial correlation independence tests it is scalable on time series with

large cause-effect delays.

• Compared to score-based methods it does not use a minimization function which

presents local minima.

• Compared to methods that exploit asymmetries, it is scalable on many variables

and cofounders differently from Lingam, Timino and CCM methods.

• Compared to predictive methods that apply granger causality it allows a strong

controls on false positive.

4.1.2 Experiments on Causal Discovery

In this experiment we built a synthetic model of a continuous manufacturing process

to validate the use of PCMCI in an industrial context. The goal is to reconstruct
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cause-effect relationships between variables from process data. Typical manufacturing

lines consists of multiple phases where different operations take place. Each phase

is composed of one or more machines that contribute to the advancement of the

product. Each phase brings an effect on the subsequent phases, thus the production

line is governed by the cause-effect principle.

Dataset

We create the synthetic model represented in Figure 4-2 based on the following cri-

teria:

• The cause-effect relationships follow the production process flow therefore a

downstream phase in the process cannot be the cause of a previously occurred

phase.

• The cause-effect relationships are stronger if two phases follow each other in

the production process flow. Increasing the distance between the two phases

will decrease the causal effect present. Moreover, we expect an increased non-

linearity between distant phases.

• Each phase is composed of one or multiple interacting variables. They represent

the values of a single machine or several machines belonging to the same pro-

cess phase. These interactions are described by cause and effect relationships,

however, cycles are not allowed.

We added a source node that only affected the first three variables to test different

types of non-linear dependencies. The proposed synthetic model is described by the

structural causal model 4.2.
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Figure 4-2: Synthetic model with ultra-processed food manufacturing features: rect-

angles represent phases, each phase is represented by one or more variables. The

arrows in blue represent linear causal relationships with coefficient 𝛽. In green the

non-linear and non-polynomial causal links. In red causal links with increasing non-

linearity with 𝛼 coefficient.The different shade of red are related to the strength of

the coefficents (i.e., more red-colored arrow entails a stronger causal relationship).

This graph is described by the structural causal equation 4.2.
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(4.2)

𝒩 𝑖 is an independent and identically distributed Gaussian noise with zero mean

and unit variance that is used to simulate 𝑖 process variable. Linear relationships

between intra-phase variables are modeled using 𝛽𝑣
𝑖 coefficients, where 𝑖 indicates

the variable that has a linear link with 𝑣. 𝛽𝑣
𝑖 are randomly chosen between [−1; 1].

The maximum time lag 𝜏 for these links is fixed to 1 because variables in the same

phase have faster causal connections. We modeled causal links between variables

in different process phases introducing increasing non-linear relationships. The 𝜎𝑣
𝑖

represents the relationship between variable 𝑖 and 𝑣, and its value is chosen from the

set [0.8, 0.6, 0.4, 0.2]. In the proposed model, non-linearity is added by decreasing the
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value of 𝜎 while simultaneously increasing the degree of the function and the delay 𝑘

within 0 and 𝜏 . According to (2), this means that the causal link between parameter

3 and 5 has a coefficient equal to 0.8, a first degree function and a 𝑘 = 1 while the

causal link between 3 and 12 have a coefficient equal to 0.2, a fourth degree function

and a 𝑘 = 4. All the generated time series have a total length 𝑡𝑚𝑎𝑥 = 500, unit

variance and zero mean. They are assumed to be stationary and the maximum time

lag 𝜏 is set to 4. To summarize, there are three type of causal links:

1. Link from variable 0: They are used to test different types of non-linearities

with non-polynomial functions ranging from the source node to the first three

nodes. In Figure 4-2 they are represented in green.

2. Link intra-phases: They are in the form 𝛽𝑣
𝑖 𝑋

𝑣
𝑡−1 where 𝛽𝑣

𝑖 is a random coefficient

chosen between [-1,1] linking variables 𝑖 and 𝑣 belonging to the same phase. In

Figure 4-2 they are represented in blue.

3. Link inter-phases: They are in the form 𝜎𝑣
𝑖 (𝑋

𝑣
𝑡−𝑘)

𝑘 where the coefficient 𝜎𝑣
𝑖

is chosen from [0.8,0.6,0.4,0.2] linking variables 𝑖 and 𝑣 belonging to different

phases. 𝜎𝑣
𝑖 decreases with the increasing distance between the belonging phases

of the two nodes. 𝑘 increases for each phase skipped by the causal link up to

a maximum value given by 𝜏 . In Figure 4-2 they are represented at different

shades of red.

Metrics

An ideal causal model allows us to recognize the highest number of true causal links

keeping a small amount of false positives. Thanks to the realizations generated with

the synthetic model we can evaluate the proposed method in a manufacturing syn-

thetic environment. We used the following evaluation metrics:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
#𝑇𝑟𝑢𝑒 𝑙𝑒𝑎𝑟𝑛𝑒𝑑 𝑒𝑑𝑔𝑒𝑠

#𝐴𝑙𝑙 𝑙𝑒𝑎𝑟𝑛𝑒𝑑 𝑒𝑑𝑔𝑒𝑠
(4.3)

𝑅𝑒𝑐𝑎𝑙𝑙 =
#𝑇𝑟𝑢𝑒 𝑙𝑒𝑎𝑟𝑛𝑒𝑑 𝑒𝑑𝑔𝑒𝑠

#𝐴𝑙𝑙 𝑡𝑟𝑢𝑒 𝑒𝑑𝑔𝑒𝑠
(4.4)
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The precision indicates the percentage of correct links on all links found and therefore

a high precision means that causal links found are reliable. The recall instead allows

us to understand how many existing links have not been found. A high recall means

that the method is not missing a significant number of connection. We also defined

the false positive rate as:

𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑅𝑎𝑡𝑒 =
#𝐹𝑎𝑙𝑠𝑒 𝑙𝑒𝑎𝑟𝑛𝑒𝑑 𝑒𝑑𝑔𝑒𝑠

#𝐴𝑙𝑙 𝑓𝑎𝑙𝑠𝑒 𝑒𝑑𝑔𝑒𝑠 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒
(4.5)

This metric allows to verify false causal relationships (i.e. false positives) that lead

to incorrect interpretations of the model. It is therefore essential to keep this metric

close to 0.

In this experiment, unlike for the predictive procedure, we did not measure the

temporal lag between cause-effect relationships. Therefore, in assessing whether a

variable 𝑋 is causal for the variable 𝑌 (i.e., X → Y ), we investigate if at least

one cause-effect relationship exists independently from the specific temporal delay

between 1 and 4. The objective of this experiment is to reconstruct the flow of a

plant from the data and not to recognize the temporal aspect.

Result on Causal Discovery

To obtain a more reliable result, we created a synthetic dataset composed of 100

realizations using the parameters described by 4.2. For the PCMCI we used 𝛼 = 0.05

to obtain a lower number of false positives and therefore a sparser model. We selected

𝜏 = 4 as explained in section 4.1.2. We tested both the partial correlation and CMI

independence test on the considered synthetic dataset. Figures 4-3 and 4-4 sums the

result for 100 realization. Bold cells are true connection on the realizations. Cell

[𝑙𝑖𝑛𝑒𝑠, 𝑐𝑜𝑙] indicates that the variable 𝑙𝑖𝑛𝑒𝑠 has (1) or hasn’t (0) cause significance

for variable 𝑐𝑜𝑙. A causal link is considered if PCMCI detects as significant at least

one causal relationship between the two variables at any delay 𝜏 . The cells with the

black border represent the causal connections which have been described in 4.2 as

ground truth. Table 4.1 shows the average result for each independence test using
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Figure 4-3: Results of the PCMCI method with Partial Correlation independence
test.

Figure 4-4: Results of the PCMCI method with CMI independence test.
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the precision, recall and false positive rate metrics previously described.

Table 4.1: Precision, Recall and False positive rate for the synthetic scenario per-
centage values

Independence Test Precision Recall FPR

Partial Correlation 0.79 0.60 0.024
CMI 1 0.51 0

Discussion on Causal Discovery

This experiment aims to utilize PCMCI to reconstruct the industrial process flow.

In order to recognize a causal flow, two types of mistakes can be committed: failing

to detect a causal relationship between two variables (false negative, type I error)

or inferring an incorrect causal relationship (false positive error, type II). Depending

on the kind of application, one mistake can have more dangerous consequences than

the other. If, for example, we use PCMCI to create a decision support system for

interventions, a type II error could have consequences for other phases of the process

as we are intervening on a wrong variable. Indeed, in addition to failing to adjust

the desired characteristic of the final product, it can affect other variables that were

correctly set with supplementary adverse effects. In contrast, a type I error would only

fail the adjustment of the final product quality (i.e. ineffective intervention) without

interfering with other phases. In addition other decision path could be proposed to

overcome suggesting alternative intervention. Therefore the consequences for false

negative are more severe than false positive in a decision support system. If the

causal discovery algorithm is used as features selection or preprocessing as in this

thesis, failing to select a variable with a causal meaning (type I error) would have

substantial consequences because it would eliminate a relevant part of the input for the

response variable. On the contrary, if we insert a sensor that is not significant for the

process, it would increase the dimensionality of the input without other consequences

for the system. The additional dimensionality is therefore handled by the regression

model.
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The results obtained, presented in Table 4.1, prove the capability of PCMCI to

control false positives (type II). For causal relationship detection, PCMCI with partial

correlation test seems to perform better than PCMCI with CMI as it shows an higher

recall. On the other hand, the CMI have outstanding result on false positive. PCMCI,

thanks to the additional condition on the parents performed in the second step of the

algorithm, manages to ensure the absence of false positive relationships or, in the case

of partial correlation, a deficient number. Figure 4-3 shows that a partial correlation

test can also detect non-linear relationships from variable 0. Moreover, it can detect

more relationships between intra-phases links (variables 1, 6, 7). Recall shows 40%

missing arc for a single realization, which can lead to ignoring the correct ordering

for some parameters. Depending on the application, then it is possible to choose

the most suitable independence test. The results show that through PCMCI, it is

possible to construct more than 50% of the results without errors. These results

are very encouraging for the use of PCMCI for applications such as decision support

systems or feature selection for monitoring. However, in these experiments, we test

the ability of PCMCI to infer the causal relationships between variables without

considering the propagation delay (the time lag between cause and effect). In section

4.3 we use PCMCI to estimate the lag times between cause and effect.

4.2 Predictive procedure

When applied to industrial processes, monitoring system easily fail to depict the

overall complexity of a production plant. Multiple factors can interfere during the

production process and the requirements in accuracy, safety and efficiency are very

high. To fully achieve the potential of monitoring, it is useful to integrate typical

characteristics of the manufacturing process and build procedures that account for

the domain peculiarities. Causal discovery allows to consider variables that causally

influence an important quality feature of the product exploiting causation instead of

correlation. In section 4.1, we use causal discovery to infer the production flow from

data. In this section we present a predictive procedure which uses the causal model
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discovered with PCMCI to optimize a predictive model (PM). Instead of standard

diagnosis features for process monitoring, which focus on discovering root causes after

a non-normal behavior occurred, we use a specific deep learning architecture that

exploit causal precursors to forecast a key quality feature of final product. Therefore

we optimize the monitoring system considering only the relevant variables at the

correct time lag. This constraint can be applied in continuous processes where the

quality of the finished product results from all the previous phases. To give an

example let’s consider the following four variables 𝐴,𝐵,𝐶,𝐷 such that A → B →

C → D , A → D , B → D , A → B and 𝐴,𝐵,𝐶 are variables of machines

belonging to different phases of an industrial process which all influence the quality

feature 𝐷 of the final product. The product transits through a phase at each time

instant and thus takes four instants from phase 𝐴 to phase 𝐷. The time series for

the variables are defined by [𝑡1, 𝑡2, 𝑡3, 𝑡4] such that the product starts in the phase

described by variable 𝐴 at time 𝑡4 and end in 𝐷 at time 𝑡1. A representation of the

graph, the SCM and the database for the example is given in Figure 4-5.

Figure 4-5: (1) Graph of the example described in 4.2. (2) Structural Causal Model

(SCM) for the example, where 𝛿1...6 are coefficients (for a full description of SCM

refer to section 2.3.1). (3) Database table of the example.

Following formula 1.3.1 standard ANN model to predict the values of variable 𝐷

at time 𝑡1 consider the past value from 𝑡4 to 𝑡1 for each variable such that

𝐷(𝑡1) =
4∑︁

𝑗=2

𝑔𝑗(

∫︁
𝐴,𝐵,𝐶,𝐷𝛽𝑗(𝑡𝑗)𝑑𝑡) + 𝑒(𝑡) (4.6)
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However the constrain given by the production flow allows to state that the product

at time 𝑡1 is not affected by variable 𝐴 at time {𝑡3, 𝑡2, 𝑡1}, 𝐵 at time {𝑡4, 𝑡2, 𝑡1} and

𝐶 at time {𝑡4, 𝑡3, 𝑡1}. This suggest that we can use causal information to optimize

the predictive model. Indeed, the final product is causally affected from the other

machines only at specific time lag. Thanks to the causal model inferred with PCMCI

it is possible to estimate which variables influence the final product and their specific

lag delay between cause and effect.

This thesis introduces a two-step forecasting procedure that uses the causal rela-

tionships typical of a manufacturing process to improve predictive models (PM).

1. In the first step, we identify causal variables and their actual temporal activation

through PCMCI, optionally, including domain expert knowledge. This means

that we infer from data which are the variables that can potentially change the

outcome of the final product as they are cause for the key quality feature in the

final product.

2. In the second step, we integrate causal precursors detected with a causal discov-

ery algorithm (i.e., variables that generate an effect with a specific time delay)

in the Separable Temporal Convolutional Network (S-TCN) to forecast the de-

sired response variable. The architecture of the S-TCN is adapted to the causal

model and and, as demonstrated in section 4.3.2, allows to reach temporal re-

currences more efficiently than standard TCNs that explore the entire temporal

space of the variables.

Causal vector

The transition between the two steps is managed through the causal vector that

allows to bind the output of PCMCI with the architecture of the S-TCN and integrate

expert operators’ knowledge. From the output of PCMCI we build a vector of size

|X| denoted as "causal vector" for a specific variable that represent the response

variable in the predictive models (i.e. the desired quality variable to be monitored).

In the causal vector, each input feature 𝑥− ∈ X is associated with the corresponding
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causal activation time on the response variable. If the input time series is not a

causal precursor for the response variable, the time lag is set to 0. Note that in a

manufacturing setting, it is likely that many variables could be associated with the

same cause-effect temporal activation, for instance, when they belong to the same

phase of the process, they generate their effect at the same time lag on the response

variable. In Figure 4-6 we represent an example of the first step of the procedure. It

is possible that PCMCI detect causation at multiple time delay for the same variable.

We select the median time lag (i.e., one time lag). Alternatively, the causal link with

the highest statistical confidence value could be chosen. We gave more importance

to the proximity of multiple time gaps as it allows a more robust selection than the

confidence value for real data. It is straightforward for a domain expert to interpret

the proposed causal vector and to check and eventually correct the identified causal

relationship. The advantage of causal vector is therefore twofold: it checks that the

causal relationships found by PCMCI are correct, eliminating any false positives with

domain knowledge, and at the same time it proposes a set of alternative for intervening

on the key quality feature on the product. The causal system can debunk some

assumptions made by operators using the correlation between machine parameters.

In the next section we explain how the S-TCN use the causal vector to obtain more

distant temporal modeling.
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Figure 4-6: In the first step of the procedure, PCMCI is used to build the causal

vector. We select the causal precursors of the response variable 𝑌 and their tem-

poral activation between lagged values. 𝜏𝑚𝑎𝑥 is the potential maximum time con-

nection of the underlying system that in the manufacturing entails the length of

the production process. The colored rectangles represent the different machines of

the process while black nodes are causal precursors for 𝑌 . Arrows show causal con-

nections between time-lagged variables and 𝑌 . As example variable 𝑋4 is causal

for variable 𝑌 after 3 time lags. It means that if we intervene on variable 𝑋4, the

values of 𝑌 changes after three temporal instances. Arrows with the same causal

activation time have identical colors. The variables that are not causal precursors of

𝑌 are set to 0. If PCMCI detect causation at multiple time delay as for variable 𝑋1

in the figure, we select the median time lag (i.e., one time lag). The causal vector

report for each variables the corresponding time lag. Experts operator can change

the detected causal vector adjusting the time lags and modifying the vector.

In the next section we present the S-TCN architecture. In section 4.3.2 we present

a large number of numerical experiments done to validate the proposed architecture

and compare the results with state-of-the-art methods.
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4.3 Forecasting with S-TCN

In the second step of the procedure, we use a temporal neural network named S-TCN

to build a predictive model (PM) for response variable 𝑌 that exploits the inferred

causal relationships and effectively learns temporal distant activation. Enhanced tem-

poral modeling (i.e. wider receptive field) is obtained in standard TCN by adding

layers, resulting in an increased complexity and reducing the interpretability of the

PM. Instead, the proposed S-TCN architecture uses depth-separable blocks that di-

rectly convolves distant temporal activations optimizing the receptive field for specific

features rather than exploring the entire temporal space. This is made possible by the

causal vector calculated in the previous step, which contains causal relationships in-

cluding the distance of the temporal connections. The proposed S-TCN architecture

is represented in Fig. 4-8.

4.3.1 S-TCN

All TCN models are based on dilated causal convolution, which applies a dilated

kernel to gain a wider receptive field and prevent leakage from future input. In a

standard TCN, the dilation factor 𝑑 increases exponentially to the layer’s number

depending on the chosen dilation coefficient 𝑐, such that 𝑑 = 𝑐𝑙 for layer 𝑙. With an

exponentially increasing dilation factor 𝑑, a network with stacked dilated convolutions

can operate on a coarser scale without loss of resolution or coverage [151, 22]. The

receptive field of a standard 1D TCN with a kernel of dimension K, L layers and

dilation coefficient 𝑐 is given by:

𝑅𝑒𝑐𝑒𝑝𝑡𝑖𝑣𝑒𝐹 𝑖𝑒𝑙𝑑 = 1 +
𝐿∑︁
𝑙=0

(𝐾 − 1) · 𝑐𝑙. (4.7)

If we set the kernel dimension 𝐾 = 2 and the numbers of layers to 𝐿 = 1 we can

control the receptive field of the layer through the dilation coefficient 𝑐. With this

setting, the TCN network is simply a single 1D causal convolution on the temporal
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Figure 4-7: The architecture of the Depth-Separable block described by eq. ( 4.3.1).
The dilatation coefficient 𝑐 given as input to the block controls the size of the re-
ceptive field.

axes where the kernel convolves value 𝑡 and 𝑡−𝑐−1 and the receptive field is of length

𝑐+2. 1D causal convolution applies a convolution operation on the input signal where

the kernel is padded to prevent leakage from the future. This convolution is applied

on all the channels of the inputs mapping signals into features.

The depth-separable block is composed by a similar convolution and a ReLU

activation function. Given a multi-dimensional input sequence X, the output features

𝑠 at location 𝑡, with dilation coefficient 𝑐 and kernel 𝑘 we describe the depth-separable

block with the following formula:

𝑠(𝑡, 𝑐) = 𝑅𝑒𝐿𝑈(𝑋 *𝑐 𝐾)(𝑡) = 𝑅𝑒𝐿𝑈(
𝑤=1∑︁
𝑤=0

𝑘(𝑤)𝑋(𝑡− (𝑐) · 𝑘)) (4.8)

where ReLU indicates the rectified non-linear unit function and the convolution is

assumed to be causal. The peculiarity of the depth-separable block relies on setting

the dilatation coefficent 𝑐 according to the precise estimated temporal delay.

Given the causal vector, we group each input variable that has the same causal

activation time on the response variable. For each identified group 𝑔𝑘 ∈ G, we create

a unique depth separable block where the dilation coefficient 𝑐𝑘 corresponds to the

causal activation time contained in the causal vector. Each group will be separately

convolved at specific dilation given by 𝑐𝑘. For instance, as represented in Fig. 4-6, the

two variables 𝑥6, 𝑥7 have the same effect on the response variable at time 𝑡−4, they will
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be processed separately from the other variables by a specific separable block with

𝑐 = 4. This operation takes place also for non causal variables that are convolved

with a standard kernel and can be identified in the causal vector by their causal

activation time set to 0. The outputs of depth-separable blocks are concatenated

on the feature’s axes to create a single feature map. The size of this new input

is given by the output of a single depth-separable block (that in our setting is 50

features) multiplied by the number of identified groups. This new input contains the

aligned temporal information thanks to the different dilatation factor 𝑐𝑘 applied by

the previous separable blocks layer.

We apply a TCN on this new input to model non-linear relationships between

different groups. We have limited the TCN depth to four layers, since using the new

input instead of the original features allows reaching the furthest connections without

increasing the number of layers. The goal of the TCN is to model the temporal

relationship among features that belong to different machines and add non-linearity

through the activation functions.

4.3.2 Experiment on S-TCN

We validated the S-TCN architecture with an extensive numerical experiment. The

main purpose of the numerical experiment is to validate the proposed architecture

and measure its limits on modeling temporal dynamics. We compared the proposed

approach with different state of the art methods. Given the difficult interpretability

of TCN and the significant resources required for training neural network models,

rarely extensive numerical tests are carried out on synthetic models to analyze the

actual predictive potential given by temporal features. We show that the S-TCN

architecture learns connections over a wider temporal frame compared to different

machine learning algorithms on a large class of synergetic non-linear discrete-time

stochastic processes.
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Dataset

Similarly to [47], we define:

𝑌𝑡 = a · glin(X−
𝜏 ) + b · gsyn(X−

𝜏 ) + 𝜂𝑡 (4.9)

The linear function glin is the sum of 10 randomly chosen subprocesses X(·)
𝑡−𝜏 where

1 ≤ 𝜏 ≤ 𝜏𝑚𝑎𝑥 and 𝜏 belongs to a subset T𝜏1−𝜏5 of 5 random lags. On the other hand,

the non-linear function gsyn is the product of 5 randomly chosen subprocesses (ex-

cluding process 𝑌 and the ones already included in the linear term). The coefficients

are fixed to 𝑎 = 0.2, 𝑏 = 2. The stochastic noise driving response variable 𝑌 is repre-

sented by 𝜂. We report in Table 4.2 the ground truth causal vector corresponding to

an example realization of the model with 𝜏𝑚𝑎𝑥 = 30. We randomly choose 5 values

for T = {𝜏1 = 1, 𝜏2 = 9, 𝜏3 = 15, 𝜏4 = 20, 𝜏5 = 22} with 1 ≤ 𝜏 ≤ 30. The causal

vector is generated assigning to each variable ∈ X− a corresponding time lag ∈ T.

The response signal 𝑌 is generated following the formula (4.3.2) so that each signal

causes the effect on the response variable with a specified delay always inferior to

𝜏𝑚𝑎𝑥.

Var Time-Lag Var Time-Lag Var Time-Lag
𝑋1 20 𝑋2 9 𝑋3 15
𝑋4 1 𝑋5 22 𝑋6 15
𝑋7 22 𝑋8 22 𝑋9 15
𝑋10 9 𝑋11 20 𝑋12 1
𝑋13 9 𝑋14 20 𝑋15 1

Table 4.2: Ground truth causal vector corresponding to a single realization with
𝜏𝑚𝑎𝑥 = 30. Example explaned in section 4.3.2

Metrics

For the validation of our models, we use mean squared error (MSE) and consider a

training composed of 40000 samples while the test set has 10000 samples. Since the
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response variable is dependent only by the described equation (4.3.2) the prediction in

the accuracy is given exclusively by the efficiency of the algorithm to model temporal

dependency and by the correct identification of the causal precursors. This allows

us to effectively evaluate the temporal modeling capabilities of the proposed S-TCN

architecture focusing only on temporal features and providing a demonstration of its

potential over a wide time interval.

Comparison

Following, we present the machine learning methods we used as benchmark:

• LSTM: Long Short-term Memory (LSTM) is a common recurrent neural net-

work that demonstrated strong ability on modeling temporal information. Re-

current neural networks are more suitable for time series modeling than con-

volutional networks since they use memory gates. However, their complexity,

requires more computation time, the parameters optimization is challenging and

the temporal context interpretation is not intuitive.

• Short-TCN A TCN consists of a CNN architecture with a 1D kernel in which

each layer widens the temporal window analyzed. In this experiment with

"Short-Tcn" we designate a TCN with only four layers identical to the one used

in the final part of our S-TCN architecture presented in Fig. 4-8. This TCN

is able to model time series up to a maximum 𝜏 of 32 that is its maximum

receptive field. Therefore if the temporal activations are more distant than the

maximum receptive field the performance will be the same as the trivial case

(see below).

• Long-TCN We indicate the TCN with the maximum receptive field. In our

experiment, this neural network has a depth of 9 levels, increasing the receptive

field exponentially up to 𝜏𝑚𝑎𝑥 = 256. This TCN has the standard setup used in

predictive model [22].

• Trivial The trivial model always outputs the mean of the response variable.
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The trivial case is used as a reference for the other models to test whenever

they are learning from the temporal context.

• RF In an ideal setting with the causal vector we could skip the temporal convo-

lution and align the features in input to apply a non-linear regression without

considering the temporal axes. We tested random forests even if they are not

suited for temporal modeling. The input to this network is indeed shifted di-

rectly to the precise delay of the signal thus eliminating the temporal context

and reducing the stochastic process to an instantaneous non linear configura-

tion. Random forests in this setting allow a reference for results obtained by an

optimal temporal prediction.

Given the huge number of models and realizations to compare, it was not possible

to optimize each neural network individually. In the numerical experiment validation,

the parameters of the neural networks are standardized to obtain comparable results

rather than optimized as absolute values. Therefore we have kept the same number

of nodes per layer within the networks, the same number of epochs, optimizer and

learning rate. We used 50 nodes for each layer, a learning rate of 0.01 with ADAM

optimizer [42]. We train each network for 20 epochs decreasing the learning rate after

15 epochs with a batch size of 32. The development framework used is Pytorch with

an Nvidia 1060 GPU.

Result on S-TCN

To demonstrate the ability of the S-TCN architecture to model more distant cause-

effect relationships, following the formula (4.3.2), we generated 70 realizations re-

ported in the appendix. We choose 7 increasing 𝜏𝑚𝑎𝑥 from 30 to 210, with steps of 30.

For each maximum time lag we created 10 realizations for a total of 70 realizations.

In Fig. 4-9 we show the boxplot of the results for each maximum time lag 𝜏𝑚𝑎𝑥.
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Discussion on S-TCN

In this experiment, we focus on testing if the introduction of causal precursors allows

achieving the same accuracy as a deeper network that analyzes the signals in its

entire temporal context. It means demonstrating that the information contained in

the input can be modeled more efficiently thanks to the knowledge of the underlying

causal structure. Therefore, the experiment must demonstrate that the combination

of causal discovery and S-TCN architecture is more convenient than a standard multi-

level TCN. The results presented in the appendix show that more efficient modeling

of the dimensionality of the input variables results in better model accuracy and

greater efficiency. Accuracy decreases as the maximum distance of 𝜏 increases for all

the algorithms, and S-TCNs can learn distant temporal connections efficiently. We

expected the S-TCN network to perform better than the Short-TCN as the latter is

limited to forecast time gaps closer than 𝜏 = 32. On the other hand, the Long-TCN

network, thanks to its high depth of 9 levels and 𝜏𝑚𝑎𝑥 = 256, should be able to model

all the considered realizations. However, the numerical experiments show that S-TCN

can manage larger temporal connections more efficiently and it is less affected than

Long-TCN by the increase in complexity given by a larger receptive field. Numerical

experiments show that the random forest algorithm achieves the best overall accuracy.

This is not surprising as it runs in a different configuration where the input features

are aligned during pre-processing, as explained above. Since it is not modeling the

temporal axes, it fits a reduced dimensionality and obtains better predictions in the

synthetic setting regardless of temporal distances. A reader might observe that it is

still convenient to perform pre-processing to remove the time dimension as done for

random forest, instead of training a specific temporal model. However, performing

such a complicated pre-processing in an industrial scenario, is very challenging as the

productions could have clogging or stops that should be properly addressed.
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4.4 Conclusions

In this chapter, we presented a two-step procedure that uses a causal discovery

method, called PCMCI, and a deep learning network, called S-TCN, to build a progno-

sis system for a key quality feature of the final product in a continuous manufacturing

process. The advantages of the presented procedure are the following:

• Integrating the product flow in the monitoring system

• Integrating expert domain knowledge

• A novel neural network architecture

These features allow the prognosis of the process even in SMEs, reducing the com-

plexity of the management.

In section 4.1 we use causal discovery to reconstruct the causal relationships in a

plant. We first present PCMCI, a causal discovery method with a strong control on

false positives. We created a synthetic model of a manufacturing process and proved

the ability of PCMCI to discover both: linear and non-linear causal relationships.

The results showed that it is possible to reconstruct 50% of the causal relationships

without generating false positives. Causal relationships make it possible to establish

an order between the different phases and reconstruct the production flow. In section

4.2 we present the predictive procedure that combines the output of PCMCI with a

predictive model through the use of a causal vector constructed on the inferred causal

model. In section 4.3 we present the predictive model that evolves from TCN and is

called S-TCN. The S-TCN can use the causal precursors given by the causal vector to

reach distant temporal information more efficiently. We build an extensive numerical

experiment reported in section 4.3.2 ad in the appendix. S-TCN outperformed state-

of-the-art predictive models, especially in the case of distant temporal recurrence.

Publications: Most of the results presented in the paragraph have been already

published in the following papers:
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• G. Menegozzo, D. Dall’Alba and P. Fiorini, "Industrial Time Series Model-

ing With Causal Precursors and Separable Temporal Convolutions," in IEEE

Robotics and Automation Letters, vol. 6, no. 4, pp. 6939-6946, Oct. 2021,

doi:10.1109/LRA.2021.3095907.

• G. Menegozzo, D. Dall’Alba and P. Fiorini, "Causal interaction modeling on

ultra-processed food manufacturing," 2020 IEEE 16th International Conference

on Automation Science and Engineering (CASE), 2020, pp. 200-205, doi: 10.

1109/CASE48305.2020.9216973.
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Chapter 5

Case Study: An ultra-processed food

SME

5.1 Executive summary

This thesis underlines the importance of achieving a fourth industrial revolution which

accounts for SMEs as they represent most companies in the European and Italian con-

text. In chapter 1 is highlighted that SMEs struggle to handle the increasing complex-

ity of the process compared to large enterprises. Therefore monitoring technologies

are proposed as support for process management.

In a first contribution presented in chapter 3, an automatic recognition method

for industrial process’ phases is presented. This system is based on TDNN that

learn specific features to classify phases, facilitating process analysis. TDNN use

convolutional operation on the temporal axis to recognize complex movements and

action from an heterogeneous set of sensors. The management of the process is

therefore improved by the automatic system as it allows to subdivide the production

in multiple distinct phases from data. This feature is useful in collaborative process

between human and robots or in production were the phases cannot be synchronized

using fixed temporal constraints. TDNN are validated on three dataset, two of which

simulate an industrial scenario while the other is used as benchmark.

In Chapter 4, firstly a reconstruction of the product flow using causality is pro-
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posed. Modeling causal relationships within a plant allows describing how changes are

propagated throw the production. Therefore, given the inferred causal model of the

plant, a predictive procedure that monitors the product’s quality is suggested. The

predictive procedure allows anticipating deviations during production. The advantage

for companies are twofold:

• New protocols are proposed, suggesting how to intervene to improve product

qualities through causal relationships;

• Product quality is monitored following process flow and integrating operator

experience;

The validity of the contributions proposed in chapter 4 has been proved with

numerical experiments on synthetic models that reproduce the characteristics of an

industrial plant. These experiments have demonstrated the effectiveness of the pre-

dictive model (S-TCN) in processing information distant in time and of the causal

discovery method (PCMCI) in recognizing the flow of an industrial process from the

data.

Synthetic models, however, fail to simulate behaviors due to human interventions.

Indeed, while in a synthetic experiment, the underlying causal model describes the

causal relationships, in SMEs, the operators’ protocols for interventions can vary

according to multiple factors (correlation between parameters, accessibility to the

machine, cost of the intervention, and so on). Therefore, it is necessary to compare

the causal model deduced through PCMCI in a real case scenario to evaluate its

effectiveness in proposing unexplored causal structures.

The predictive procedure must also be assessed in a real case scenario. In par-

ticular, applying the procedure to a real case allows comparing the improvement on

the monitoring system given by data-driven causal discovery method rather than

domain’s experts.

In this chapter we apply the contribution presented in chapter 4 in a medium

enterprise which produce ultra-processed food. The manufacturer considered does not

present collaborative processes, therefore, the automatic system for the recognition
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Figure 5-1: Summary of chapter 4 and 5.

of phases presented in chapter 3 was not implemented. In section 5.2 we introduce

the context of ultra processed food manufacturing. In section 5.3 we present the

result of applying causal discovery on the process proposing a new set of intervention

for the company. In section 5.4 we use the predictive procedure for a key quality

variable of the final product. The conclusion are outlined at the end of the chapter.

In Figure 5-1 we report a summary of chapter 4 and 5 to facilitate understanding of

the experiments performed.

5.2 Ultra-processed food manufacturer

The food and drink industry is the largest manufacturing sector in the EU economy

employing directly 4.25 million workers [152]. It processes 70% of EU agriculture,

besides being the largest global exporter of food and drink products [153]. The food

and drink industry is the EU’s most significant manufacturing sector in terms of jobs

and value-added [153]. In Italy, the agro-food industry is the second largest national
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manufacturing sector. With 132 billion euros of turnover, it covers 13% of national

industrial production and the value of exports amounts to 29 billion [154]. The

European Prospective Investigation Into Cancer (EPIC) showed that in the Nordic

and central European regions, highly processed foods are the dominant source of

nutrients, accounting for between 50% and 90% of nutrient intakes, with the excep-

tions of just 2 nutrients, vitamin C and beta-carotene [155]. Ultra-processed food

are industrial formulations with 5 or more (usually many) ingredients[156]. Ultra-

processed food companies are specialized in reducing natural raw material variations

and provide customers with products with more homogeneous characteristics cite124.

Due to the high variability in natural ingredients, it is complex to develop produc-

tion protocols to obtain uniform outcomes. Thus, all along the production chain is

frequently necessary that an expert operator modifies the machine’s parameters in

upstream stations (cause) to obtain better downstream products properties (effect).

In ultra-processed food manufacturers, indeed, the production process is generally

continuous, and the final product is strongly affected by the industrial process [157].

The frequent interventions by operators, the variability of raw materials and the fi-

nal product’s homogeneity requirement represent important characteristics for the

development of monitoring systems. Thus, monitoring systems allow identifying and

predicting possible variations and maintaining a stable quality for final products.

In this case study, we have considered an Italian SME that produces ultra-processed

food. This medium-sized company represents an excellent reference for the use of

causal discovery and predictive monitoring procedure. The automatic recognition of

phases however was not considered for the real case scenario. The company does not

present collaborative processes between man and machine and the process phases are

pre-defined. Below we will present the experiments carried out in the company, the

data used and the results obtained.
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5.3 Experiments on Causal Discovery

In this experiment we used PCMCI described in chapter 4 to reconstruct cause-effect

relationships within the plant using a data-driven approach. We test the ability of

PCMCI to describe the product flow through the different production phases. In the

next section we present the dataset used and the pre-processing operations carried

out, following, we will describe the validation methodology and the results obtained.

5.3.1 Dataset description

The raw data are obtained from Programmable Logic Controller (PLC) and Supervi-

sory Control And Data Acquisition (SCADA) of an industrial plant for ultra-processed

food production and contain both set points and parameters. The sampling was car-

ried out every 5 minutes while the total production cycle takes approximately 3 hours,

from raw ingredients to final semi-finished products. Data has been acquired for three

consecutive weeks, for an overall 363 hours of production. The production process

consists of ten sequential phases. We apply a pre-processing guided by both distribu-

tion of data and expert’s domain knowledge. From the ten phases, we have removed

those that do not affect the characteristics of the final product. Therefore, we con-

sider five relevant sequential phases with a total of 65 parameters. We further reduce

the parameters (from 65) to 35 by ignoring feature that are unique keys, features

with zero variance and categorical features. Moreover, we remove binary parameters

and integrate domain experts’ knowledge to select variables that don’t contain useful

information. These are recognizable from a data-driven perspective since they are

kept constant for at least 60 hours. Furthermore, considering the restricted sampling

period, we eliminated non-stationary variables. In three weeks, there are no product

features variations and temporal deviation is caused by external noise. To test the

stationarity of the remaining features, we applied the Augmented Dickey-Fuller unit

root test with a 𝑝 value of 10% [158]. We select a large p value as data are noisy and

present unlikely values. The automatic identification of outliers is not possible be-

cause we do not have the specific confidence intervals for each parameter, therefore we
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applied a moving window averaging with 30 minutes support to reduce the influence

of improbable values. It is possible to describe the complete production of a specific

semi-finished product with 6 temporal instances. The resulting dataset is composed

of 5 phases represented by 14 process variables normalized with unit variance. The

total number of time samples after pre-processing is 924.

5.3.2 Evaluations

To compute the metrics used in the synthetic realization the true causal model of

the plant is required. However it is not possible to reconstruct the set of equations

of the industrial plant in the real scenario. Based on expert’s domain knowledge, we

reconstruct the belonging of parameters to different process phases and we sort them

according to the sequential order given by the process flow. We use PCMCI with

CMI and partial correlation independence test as explained in section 4.1.1. In this

experiment, we focused on identifying a possible cause-effect between two variables

without considering the exact time lag between cause and effect. We identified a

cause-effect relationship between two variables if there are at least two different causal

links for each pair of variables. This means that the variable X has a valid causal

effect on the variable Y if a causal link is found at 𝜏 = 𝑎 and 𝜏 = 𝑏 with 𝑎, 𝑏 between

1 and 6. This is equivalent to considering only the causal effect that has at least

two time gap distances for causal effect propagation. The output of PCMCI will be

a bi-dimensional matrix is a |X| * |X| without the 𝜏𝑚𝑎𝑥 dimension. In other words,

we do not try to estimate the time lag of the causal effect between two variables but

we infer the existence and consistency of the causal effect between two variables at

different time gaps.

5.3.3 Results

We, therefore, show the tables of causal links found highlighting which phases they

belong to. The parameters chosen for PCMCI are 𝛼 = 0.05 and 𝜏 = 6. The choice of

𝜏 is explained in the dataset description and it entails the lenght of the product. We
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choose a small 𝛼 to obtain more reliable results as explained in section 4.1.1. Figures

5-3 and 5-2 show results obtained, with the inferred causal links. Cell [𝑙𝑖𝑛𝑒𝑠, 𝑐𝑜𝑙]

indicates that the variable 𝑙𝑖𝑛𝑒𝑠 has (green) or hasn’t (white) cause significance for

variable 𝑐𝑜𝑙. Different colors used on diagonal shows belonging phase of variables.

Phases are ordered according to expert’s knowledge to ease the interpretation of

causal link found. For example the green cell [1, 7] indicates that the variable 1 which

belong to the first phase of the process have a causal effect on the variable 7 which

belong to the second phase of the second phase of the process. Figures 5-3 and 5-

2 recall Figures of section 4.1.2, however instead of the bold cells representing the

ground truth cause-effect relationships, the belonging phases assumed from expert

knowledge for each parameter is highlighted.

Figure 5-4, show the proposed causal interaction model for in line-intervention.

The model is build on the result of PCMCI with CMI independence test. We use

expert knowledge to choose the direction of the arrows in ambiguous cases where the

PCMCI algorithm cannot distinguish between cause and effect (i.e., A → B and

simultaneously B → A ).

Figure 5-2: Results on real case scenario of the PCMCI method with Partial Corre-
lation independence test. For more details refer to section 5.3.3.
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Figure 5-3: Results of the PCMCI method with CMI independence test. For more
details refer to section 5.3.3.

5.3.4 Discussion on Causal Discovery

In this experiment, we used PCMCI to infer the flow of a product throw the industrial

plant of an SME from the data. Since, as explained in section 5.3.2, it is not possible to

precisely establish all causal relationships within the plant, we cannot provide metrics

for the evaluations. However, given the known machines’ orders in the production

process, we can provide the violations of the inter-phases link for the real case scenario.

Looking at Figures 5-3 and 5-2 it is evident that CMI independence test shows a higher

detection rate than the Partial correlation. In addition, the CMI is more symmetrical,

highlighting that the method recognizes relationships between variables but struggles

to distinguish the cause and effect. To facilitate the interpretation of the results, in

Figure 5-4, we reconstruction the industrial plant obtained with PCMCI and CMI.

We used expert knowledge to group the parameters belonging to the same phases.

Furthermore, if a bidirectional link is found, we have chosen the arc that followed the

direction of the process provided by the experts. Many causal links have been found

in the first two phases considered. The link between variables 9 and 4 can lead to the
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Figure 5-4: Proposed causal interaction model. Rectangles represent the five se-
lected phases of the ultra-processed food production process. The red links are cor-
rect causal relationships inter-phases that allow the flow recognition of the process.
Grey links are false positives. Blue links represent the causal interactions between
the parameters in the same phase

incorrect exchange of phases 3 and 2 as no other link has been found. On the other

hand, the product flow for phases 1, 2, 4, 5 is correctly detected. It is more complex

to evaluate the correctness of the proposed intra-phase links. However, the absence

of cycles allows us to set an order of intervention even among internal parameters

of the same phase. We establish a set of interventions to modify the product’s final

variable and compare them with those used in the company. In Table 5.1 we report

the number of interventions applied on the line during data collection. PCMCI has

found fewer causal links where the operators intervene most frequently for changing

set points. The operators intervene in the last phases of the process to have more

direct consequences on the final product features. Modification of the set-points

seems to negatively affect data-driven causal discovery due to the manual update

of the parameters setting. However, the analysis of this aspect is out of the scope

of this work and it will be the research goal of future works. The proposed causal

model can provide an alternative intervention protocol for changing the production
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Var Id N. Interventions Var Id N. Interventions

0 4 7 4
1 5 8 16
2 5 9 15
3 4 10 32
4 4 11 32
5 4 12 37
6 5 13 6

Table 5.1: number of in-line intervention on the set point of the machine’s parame-
ters

set-points. Thanks to the inferred causal interaction model, it would be possible

to carry out interventions on upstream processing stations of the process line and

therefore intervene with greater timing and precision on the final product properties.

5.4 Experiments on predictive procedure

In the real case study, the predictive accuracy suggests the ability of the procedure

to model a manufacturing process. The validation on a real case demonstrates the

effectiveness of the two-step procedure by considering both the contribution given in

feature selection with causal precursors and the efficiency in the temporal modeling

of the S-TCN.

5.4.1 Dataset description

The dataset used to validate the predictive procedure differs from that used for causal

discovery. In fact, for the use of neural networks, a larger number of data is required.

The final dataset contains a total of 11 features with 26000 samples that entail more

than 100 days of continuous production. The data are standardized using a robust

scaler that removes the median and scales the data according to the quantile range.

This scaling algorithm is required to reduce the effect of outliers. In agreement with

experienced operators we have established a 𝜏𝑚𝑎𝑥 of 45 to capture the total production

cycle. The main difference between the dataset presented in section 5.3.1 and the
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dataset used for prediction are summarized in Table 5.2.

Experimental Dataset Causal discovery Predictive procedure
N.samples 924 26000

Days of production 19 100
N.Variables 14 11

Standardization Min-Max Robust
Frequency 30 min 5 min

Table 5.2: Proprieties of the real case scenario datasets for the predictive procedure
and the causal discovery experiments.

5.4.2 Evaluations

We use K-fold validation with 𝐾 = 3. We choose a small 𝐾 values to include a huge

portion of the data in each train/test split and mitigates the effect of non-stationarity

due to unrecorded external causes. The presented results are the means and standard

deviations of the K validations. The metric used is root mean squared error (RMSE).

We compare the presented procedure with the comparison methods in section 5.3.2.

For S-TCN and Random Forest models we compare also the accuracy with three

different causal vectors:

• a PCMCI causal vector that uses the output of PCMCI. We used partial corre-

lation independence test as CMI is not scalable on long timeseries.

• an expert-based causal vector that is obtained directly by expert operators using

a knowledge based causal map

• an empty set causal vector that assumes all temporal activations to 0. The

machine learning algorithms tested in this setting are not affected by the causal

vector removing the first step of the procedure.

5.4.3 Results

Table 5.3 presents the RSME obtained with standard deviation for each run.
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Causal Vector Empty Set PCMCI Expert-Based
LSTM 0,508 ± 0,04

Short-TCN 0,493 ± 0,05
Long-TCN 0,535 ± 0,03

S-TCN 0,549 ± 0,03 0,490 ± 0,02 0,504 ± 0,03
Trivial 0,879 ± 0,03

RF 0,753 ± 0,02 0,765 ± 0,01 0,762 ± 0,03

Table 5.3: Result on real case study with three different causal vector. In bold the
lowest mean squared error obtained is highlighted.

5.4.4 Discussion on predictive monitoring

Unlike in the synthetic scenario where the causal model is well-defined, for the pre-

dictive procedure, the outcomes are affected by multiple factors. First, the results

demonstrate how, in practice, temporal models (i.e., LSTM, Short-TCN, Long-TCN

and S-TCN) perform better due to feature analysis over time. This behavior validates

the use of S-TCN over RF with preprocessing on input presented for the synthetic

dataset. In addition, as reported in Table II, the effect of different causal vectors

on the random forest is reduced if compared to the S-TCN. This result suggests that

S-TCN gives more importance to the causal relations of the industrial plant. Another

observation is the strong autocorrelation in the real data. The results obtained from

Short-TCN and Long-TCN denote that most of the information about the prediction

is contained near the forecast horizon. In addition, PCMCI on the S-TCN shows bet-

ter performance than the causal vector recommended by experts. PCMCI, indeed, is

particularly suited to handle parameter autocorrelation.

In Fig. 5-5 we show an example of prediction on the real case scenario. In the

upper part of the Figure, all methods with the empty-set causal vector (i.e. not

using causal precursors) are compared. Even though temporal information allows a

strong improvement of predictions with respect to the empty-set random forest or the

trival model. However, the trends of the predictions for the different autoregressive

temporal methods are similar. S-TCN has a predictive behavior similar to TCN

while LSTM is showing a different prediction trend that could be related to a diverse

internal features modeling. In the bottom part of the Figure, we show the comparison
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Figure 5-5: 12 hours of prediction for the response variable in the real case scenario.
Above comparison between methods that do not use causal vectors. Below three
different causal vectors on the S-TCN model.

between S-TCN models with different causal vectors to investigate their contribution

to predictions. We have excluded from the Figure the comparison between different

causal vectors on random forest to allow a better reading of the graph. Both the Figure

and the results in Table 5.3 confirm that the causal vector strongly affects predictions

and forces the S-TCN to model features diversely. PCMCI features selection fully

exploits the potential of the S-TCN structure by obtaining the best predictions. When
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working with data extracted from an industrial plant, forecasting product parameters

is extremely challenging due to unregistered confounders that can affect the predicted

variable and its causal precursors.

5.5 Conclusions

In this chapter, we applied the contribution presented in chapter 4 in the case of a

medium-sized company producing ultra-processed food. In section 5.1, an executive

summary outline the theoretical contributions proposed in the previous chapters and

motivate the validation of the models through a real case scenario. In section 5.3 we

used PCMCI to reconstruct the production flow of the company, and we created a

causal model to intervene on the machines’ parameters. We compared the inferred

intervention protocols with the common intervention performed in the production. In

section 5.4 we applied the whole predictive procedure for the monitoring of a product

quality variable. We have shown that using a causal discovery method based on a

data-driven approach allows the most suitable selection of causal precursors. Finally,

we compared the predictive monitoring procedure proposed in this thesis with state-

of-the-art methods.
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Chapter 6

Future works and Conclusions

6.1 Future works

In this thesis, for the real case scenario, in the predictive procedure we apply PCMCI

with partial correlations independence test that considers only linear relationships.

This is due to the onerous computational requirements for CMI independence test,

which is not scalable to long time series. Constraint-based causal discovery algorithms

heavily depend on the independence test applied. Therefore, as future developments,

it is important to develop new non-linear independence tests for high dimensional

time series. In addition, in a real case scenario, industrial time-series data are gener-

ally non-stationarity due to unrecorded factors. Recently, causal discovery algorithms

have been proposed to handle non-stationarity. In [135], authors suggest that non-

stationarity and multiple domains can help in identifying causal structures benefiting

from information carried by changing distributions. Using these methods could facil-

itate data collection because, besides including non-stationary time series, data from

multiple products can be used. For SMEs it is essential to develop causal maps that

are product-independent. The outcome of multi-domain causal discovery algorithms

can help to create long-term protocols and speed up training for new operators.

While improving causal discovery algorithms is essential for recognizing cause

effect relationships, the introduction of causal theory brings other benefits than causal

discovery. For example, the notation of structural causal models allows formalizing

133



the interventions made during the production. Thanks to SCADA systems, setpoint

changes are recorded and stored along with the production. It is, therefore, possible

to formalize intervention with the do-notation developed by Pearl [49] to optimize

online intervention.

Regarding the S-TCN architecture it is important to improve accuracy and in-

terpretability. For example, the addition of attention gates before concatenation can

estimate the strength of the causal link between two variables, increasing the model’s

interpretability. Nauta did a similar use of attention gates in [130]. Furthermore,

in the final part of the S-TCN, which is composed of a four-layer TCN as explained

in section 4.3.1, we did not implement any residual blocks. Residual blocks could

improve the predictive capability of the architecture at the expense of increased com-

putational cost.

In order to improve the phase recognition, as already mentioned in the discussions,

it is first necessary to increase the number of sensors to recognize all the variables

affecting the scene. If this is not possible, it is required to integrate the domain’s

knowledge. An interesting technique used in [159] for SRS has been to define surgical

procedures at multiple levels of granularity using a hierarchical approach. Similarly,

micro-phases and macro-phases can be defined for the industrial process. For exam-

ple, we can define process phases that describe the production flow throw machines

and tasks that describe the actions performed during an HRC. The action performed

during HRC task (micro phases) is a subset of a single-phase used to describe the

process (macro phases). Micro and macro phases can then be controlled with a hier-

archical finite state machine built using domain knowledge. The number of possible

classes for micro phases is reduced thanks to the constraint given by the macro phases.

Using the recognition of phases at different levels of granularity would allow reducing

classification errors.

To summarize we propose the following improvements as future works:

• Improving causal discovery algorithms by considering industrial process char-

acteristics such as non-stationarity, non-linearity, and scalability;
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• Using Pearlanian 𝑑𝑜− 𝑛𝑜𝑡𝑎𝑡𝑖𝑜𝑛 to validates operators’ in-line interventions;

• Enhancing S-TCN architecture using attention gates to improve interpretability

and residual block to improve accuracy;

• Building an hierarchical finite state machine to improve phase recognition at

different level of granularity;

6.2 Conclusions

SMEs are of vital importance for the global and European industrial context. The

fourth industrial revolution needs to reach SMEs through the introduction of sus-

tainable technologies. Therefore, it is necessary to develop technologies capable of

intercepting the challenges addressed by these types of companies. Market flexibility,

employers shortage and limited economic resources are increasing the management

complexity of SMEs. Developing monitoring systems is helpful to reduce the complex-

ity of the company, improving product quality and process management. However,

current monitoring technologies are limited to detecting process behaviours without

considering characteristic features of the manufacturing process. These features are

the process subdivision into phases, the sequential flow of the product throw machines

ruled by cause effect relationships, and the integration of domain knowledge. Consid-

ering these aspects allows building more accurate and specific monitoring systems for

the industrial manufacturing context. In this thesis we have proposed the following

contributions in this direction:

• We propose a method for automatic process phases recognition based on ANN

architecture named Time Delay Neural Network (TDNN) to recognize the phases

in a collaborative process.

• We propose a predictive procedure that integrates the causal relationships of

the industrial plant and the domain’s knowledge. The procedure allows building

more accurate predictive monitoring systems while also providing operators

control over the monitoring system.
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Appendix A

Numerical Experiments

In these tables we presents the results of the numerical experiment described in 4.3.2.

We set 7 increasing maximum time lag 𝜏𝑚𝑎𝑥 from 30 to 210. For each maximum time

lag we create 10 realization for a total of 70 realizations. For each machine learning

model we show the obtained mean squared error and we underline the best model

performance for each realization. The result are summarized in Figure 4-9. In the

tables the causal vectors generated following equation 4.3.2 are reported. The config-

uration of the S-TCN varies depending on the causal vector as explained in section

4.3.1. The configuration of the other models is kept constant on all experiments with

the exception of the Random Forest (RF) which represents the optimal reference for

temporal modeling as explained in 4.3.2.
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