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Abstract

With the advent of Industry 4.0, variable relations in modern industrial processes are in-
creasingly complex due to their high dimensions and complex auto-correlations and cross-
correlations. Multivariate statistical methods such as principal component analysis (PCA),
partial least squares (PLS), slow feature analysis, and canonical correlation analysis (CCA)
are widely employed to exploit variable relations for process data analytics, process mon-
itoring, and fault diagnosis. However, it is not appropriate to directly apply these mul-
tivariate statistical methods to cross-correlated data from a dynamic process, since these
methods are only able to model static components of the data. Subsequently, numerous
adaptations of multivariate statistical methods have been proposed to address the intricate
interdependencies inherent in dynamic process data. Among these, dynamic inner methods
have emerged as the most advanced and efficient approaches in recent years. However, it is
pertinent to acknowledge that these dynamic inner methods still exhibit certain limitations
owing to the intricate properties of time series data.

In this research, several novel algorithms are proposed to address the aforementioned
issues.

First, basis functions are adapted into dynamic inner PLS, referred to as dynamic
weighted PLS (DWPLS), to deal with redundant information in neighboring samples
caused by high sampling rates in industrial processes. Nowadays, however, because of
the improvement of sensory technologies, redundant information exists among adjacent
samples with high sampling rates. The existing dynamic algorithms ignore the redun-
dant information, causing suboptimal modeling and monitoring schemes. In this paper,
a dynamic weighted PLS (DWPLS) method is proposed to deal with the aforementioned
issue. DWPLS maximizes the covariance between the quality latent scores and a weighted
representation of lagged process scores. The relations of lagged process scores are learned
through a weighted summation of basis functions. The monitoring scheme of DWPLS is
also constructed. Case studies with two processes, the Tennessee Eastman process, and a
distillation process, are conducted to show the advantages of DWPLS over existing methods
in terms of regression and fault detection performance.

Further, to fully exploit quality information, a novel dynamic auto-regressive latent
variable model (DALVM) is proposed to capture both auto- and cross-correlations simul-
taneously from high-dimensional time series data. Some dynamic supervised learning al-
gorithms are designed to extract their dynamic cross-correlations, but auto-correlations
among quality variables are rarely considered, which, however, can provide additional
valuable information. This article proposes a novel dynamic auto-regressive latent variable
model (DALVM) to capture both auto and cross-correlations from high-dimensional time
series data. DALVM is designed to maximize the covariance between the current quality
score and the weighted sum of past quality and process scores, and an auto-regressive ex-
ogenous inner model is developed for consistency purposes. Further, a concurrent anomaly
detection system is developed based on DALVM, referred to as ConDALVM, which con-
ducts subsequent decompositions in the extracted latent spaces. ConDALVM realizes com-
prehensive monitoring for both static and dynamic anomalies in process and quality spaces.



The superiority of the methods is demonstrated through a numerical simulation and two
industrial processes.

Then to continue to improve the flexibility and performance of DALVM, an efficient dy-
namic auto-regressive CCA (EDACCA) is also developed, with an emphasis on missing data
imputation. an efficient dynamic auto-regressive canonical correlation analysis (EDACCA)
method is proposed with a modified auto-regressive exogenous model to extract dynamics
in both auto-correlations and cross-correlations. The flexibility and efficiency of EDACCA
are improved with the design of weighting parameters and the economic singular value
decomposition. EDACCA is further adapted for multi-step ahead (MS) prediction and
missing data imputation. Two industrial processes are employed to evaluate the prediction
performance and imputation performance of EDACCA.

After that, the exponentially weighted moving average model is adapted into dynamic
SFA to capture dynamic relations among data with great interpretability. Slow variations
of process variables retain normal operating conditions and important patterns of manufac-
turing processes, and slow feature analysis (SFA) is widely adopted to study slowly varying
signals. However, SFA only extracts first-order dynamics, and most of its multi-step dy-
namic extensions focus on predictability instead of slowness. Then, a novel exponentially
weighted SFA (EWSFA) is proposed to extract slow features by following the decaying na-
ture of temporal signals. Exponentially decaying weights are learned in EWSFA to model
dynamic relations between current and historical samples, and its computation efficiency
is further improved with the aid of singular value decomposition. An EWSFA-based mon-
itoring scheme is developed to detect anomalies in both slow and fast variations, and a
novel dynamic index is designed to identify the occurrence of operating condition changes.
The effectiveness of EWSFA is demonstrated through two industrial case studies.

Finally, for future works, the power of neural networks will be effectively incorporated
into the design of dynamic algorithms to deal with complex nonlinearities.
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Chapter 1

Introduction

The advent of the Internet of Things (IoT) has fostered the emergence of intelligent and
wireless sensors, alongside the rapid expansion of 5G networks, mobile devices and smart
devices for process monitoring. Consequently, there has been an exponential increase in the
volume of data being collected and stored. Simultaneously, advancements in data analytics
have provided increasingly powerful tools for extracting valuable insights from this vast
array of information. As a result, numerous industries, such as chemicals, pharmaceuticals,
petrochemicals, microelectronics, energy, power grids, and transportation, have expanded
their efforts toward deriving systematic understanding and useful insights from diverse
data sources [164, , , , |. However, the surging complexity and scale of
data present significant challenges which require new scientific tools for data analysis.
The profound development in data science is a direct response to the need for effective
techniques and methodologies to address the complexities posed by the diverse and massive
datasets encountered in various industries.

Operational data obtained from processes and manufacturing systems often possess
high-dimensional characteristics, exhibiting dynamic features and encompassing multiple
sampling rates. Furthermore, these datasets encompass a mixture of continuous and cate-
gorical quantities. Industrial processes and equipment are meticulously designed based on
well-established mechanistic principles, which serve as the foundation for their intended
functionality. While data analytics and machine learning offer remarkable capabilities in
capturing intricate relationships within the data, the application of data science to engi-
neering systems presents a challenge for effectively integrating mechanistic models with
data analytics [7, 10].

Typically, during regular operations, first-principles models prove to be reliable and
trustworthy. However, in situations that deviate from the predefined operating conditions,
such as emerging scenarios or anomalies, the value of data as a valuable asset for real-time
troubleshooting and decision-making becomes apparent. As a consequence, the field of in-
dustrial systems engineering is undergoing a paradigm shift towards a close and synergistic
interaction between models and data [115, , |. In this new framework, mechanis-
tic models are employed to handle expected situations, while data-driven approaches are
leveraged to tackle unexpected circumstances. This integrated approach enables indus-



trial systems to enhance their operational performance and responsiveness, enabling swift
adaptation and informed decision-making in diverse and dynamic operational scenarios.

While machine-learning models occasionally yield more accurate predictions compared
to first-principles models, there exists a prevailing tendency to assign greater trust in the
latter due to their interpretability. Hence, the interpretability of data-driven models has
emerged as a desirable attribute since in the event of a failure in the data-driven decision-
making process, human decision-makers must ultimately assume the responsibility for mak-
ing critical decisions. Although machine learning has demonstrated notable achievements
in domains like image processing and natural language processing, its widespread adoption
in process and manufacturing industries necessitates the fulfillment of specific criteria. The
paper, proposed by Qin and Chiang [125], outlines several indispensable attributes that
are deemed essential for the sustained adoption of machine learning in industrial settings
as follows:

(1) Compatibility with First-Principles Models or Process Knowledge: It is imperative
for machine learning methods to match predictions from first-principles models or
process knowledge that adhere to the fundamental laws of physics and chemistry.
This compatibility ensures that the derived solutions align with the underlying prin-
ciples governing the industrial processes.

(2) Effective Handling of Time-Varying Uncertainties: Machine learning approaches must
demonstrate proficiency in effectively handling uncertainties that typically exhibit
time-varying characteristics. Robust techniques are required to account for fluctu-
ations and variations in the operational conditions and environmental factors that
impact the industrial processes.

(3) Generation of Interpretable Solutions: A crucial aspect of machine learning models
is their ability to generate solutions that are interpretable by decision-makers. The is
vital for instilling trust and for allowing stakeholders to fully comprehend and make
informed choices based on the provided insights.

Specialized analytics and domain expertise are essential for extracting optimal benefits
from industrial systems data. In systems engineering, data-driven models serve three
primary objectives: prediction, interpretation, and decision-making. These objectives are
crucial in harnessing the full potential of industrial systems data. The first objective
involves utilizing predictive analytics to forecast critical variables based on other variables
present in the data. By leveraging sophisticated analytical techniques, such as machine
learning algorithms, these models enable to predict crucial system parameters. The second
objective entails extracting valuable features or novel insights from the data, facilitating
effective visualization and diagnostics. This process aids in uncovering previously unseen
patterns, relationships, and knowledge within the data, enhancing the understanding of
the system under analysis. The third objective focuses on utilizing data-driven models
to support decision-making processes. By integrating domain knowledge with the insights
derived from the data, these models provide a robust foundation for making informed and
data-backed decisions regarding system design, operation, maintenance, and optimization.



Overall, the utilization of specialized analytics in conjunction with domain expertise is
imperative to maximize the benefits derived from industrial systems data. By employing
data-driven models, the field of systems engineering can leverage prediction, interpretation,
and decision-making capabilities to enhance system performance and facilitate efficient and
informed decision-making processes.

Real-time process control and operational data typically exhibit complex dynamics and
uncertainties, presenting as high-dimensional time series. These time series data are often
characterized by temporal dependencies, both in terms of cross-correlations and auto-
correlations. Consequently, there is a pressing need to develop techniques for dynamic
dimensional reduction. Latent variable methods have been proposed for modeling the dy-
namics within the reduced latent subspace. This research thesis primarily aims to estab-
lish a connection between dynamic data analytics and dynamic systems theory, specifically
focusing on the domains of modeling, prediction, and monitoring. By bridging these two
disciplines, the objective is to advance our understanding and application of methodologies
that effectively capture and analyze the intricate dynamics present in real-world datasets,
leading to improved modeling, accurate prediction, and reliable monitoring techniques.

With the widespread adoption and integration of advanced high-precision sensors, high-
performance computers, and distributed control systems, a substantial volume of industrial
time series processing data has been acquired [12]. This proliferation of data has motivated
the development of different mathematical tools for mining useful information about the
monitored processes|122, , |. Amidst these approaches, principal component anal-
ysis (PCA), partial least squares (PLS), and canonical correlation analysis (CCA) have
emerged as potent techniques for capturing the interdependencies between process data
(X) and quality data (Y) [178, , 63, |. These methodologies play a pivotal role in
enabling multivariate statistical process monitoring and fault diagnosis within the process
analytics domain [71]. Notably, reduced rank regression (RRR) is a relatively lesser-known
method in the process analytics community [73] that focuses on optimizing the prediction
of variance in the output data. Throughout this thesis, we shall refer to process data as
input data and quality data as output data or labeled data. These terminologies will be
used interchangeably in the ensuing discussions.

Owing to its capability to handle high-dimensional and correlated data effectively, PCA
is widely employed as an unsupervised method to extract latent variables from process
data by maximizing the variances of the latent variables. These extracted latent variables
possess explicit statistical interpretations, making PCA-based monitoring well-suited and
widely adopted in industrial settings for anomaly detection. Nevertheless, as discussed
in the work of Zhu and Qin [222], PCA-based process monitoring may encounter issues
such as nuisance or false alarms since it lacks the incorporation of information from Y
(the output data) during the modeling phase. In contrast, PLS and CCA are supervised
algorithms that offer effective means to explore the relationships between X (process data)
and Y (quality data). By leveraging the information from both X and Y, these methods
provide enhanced performance and greater accuracy in modeling and monitoring processes.

PLS (Partial Least Squares) is a latent variable extraction method that operates by
projecting the input and output scores using outer models to maximize the covariance



among scores, thus establishing a connection between variables X and Y. During the
inner modeling phase, PLS aims to minimize the regression error, which competes with
the objectives of the outer model. This gives rise to several limitations. Notably, not all
of the latent variables extracted by PLS are relevant for modeling or detecting variations
in quality data, as they may encompass irrelevant or orthogonal components. Moreover,
even to predict a one-dimensional quality variable, multiple latent components are often

required [126]. To address these issues, subsequent research studies have proposed vari-
ous approaches. These include orthogonalized PLS [156], total PLS [214], and concurrent
PLS [132]. These methodologies aim to overcome the aforementioned drawbacks and im-

prove the efficiency and effectiveness of the PLS algorithm in real-world applications. By
mitigating the inclusion of irrelevant components and optimizing the extraction of latent
variables, these extensions of PLS offer promising solutions to enhance the predictive power
and interpretability of the model.

Canonical Correlation Analysis (CCA) is a method that seeks to maximize the multi-
dimensional correlation between input and output variables X and Y. This emphasis on
correlation enhances its predictive capability compared to PLS. Nonetheless, CCA does
not take into account the variances of the input and output variables, potentially limit-
ing its effectiveness in certain scenarios. In response to this limitation, Concurrent CCA
(CCCA) was introduced as an extension. CCCA incorporates a subsequent Principal Com-
ponent Analysis (PCA) decomposition in both process and quality spaces, enabling it to
capture variance-related information more effectively [221]. By combining the strengths of
CCA’s correlation-maximizing ability with the variance-oriented approach of PCA, CCCA
offers a promising avenue to improve the modeling and predictive performance in various
applications.

In a recent study, Zhu and Qin introduced a novel approach called Latent Variable
Regression (LVR) as an alternative method for extracting latent structured relationships
between process and quality variables [222]. LVR differs from previous techniques like CCA
and PLS in that it focuses on minimizing regression errors between process and quality
scores in both the inner and outer models. This dual objective allows LVR to take into
account both the correlation between X and Y and the variance of Y, resulting in enhanced
predictive power compared to CCA and PLS when using a fixed number of latent variables.
LVR can be viewed as a compromise between the characteristics of PLS and CCA, similar
in spirit to the Reduced Rank Regression [135]. By striking a balance between correlation-
based approaches and those that consider variance, LVR demonstrates promising potential
in accurately capturing the underlying structure of the data and facilitating more effective
predictions in various applications. The incorporation of both inner and outer regression
objectives in LVR enables it to leverage the benefits of different modeling aspects, leading
to an advanced method for latent variable extraction and regression analysis.

The algorithms discussed above are predicated on the assumption of a static underlying
relationship between input and output variables. However, in real-world processes, quality
measurements often exhibit dependencies on past data, owing to the existence of inherent
system dynamics. Consequently, there is a pressing need to devise data modeling method-
ologies that can adeptly capture the dynamic relations among process variables (X) and
quality variables (Y). The consideration of temporal dependencies and the incorporation
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of past data are vital aspects in data modeling to ensure a comprehensive understand-
ing of the evolving nature of real-world processes. Neglecting the dynamics can lead to
sub-optimal models and inadequate predictions, thus compromising decision-making effec-
tiveness in various applications.

For example, dynamic modeling versions of PCA, PLS, and CCA have been proposed
for dealing with dynamic processes. Then, these dynamic latent variable (DLV) models
can be divided into two parts which are unsupervised DLV analytics and supervised DLV
methods. These methods are briefly reviewed in the following sections.

1.1 Unsupervised Dynamic Latent Variable Analytics

For unsupervised DLV analytics, the dynamic latent variables are extracted in a reduced di-
mensional subspace based on the lagged auto-covariance matrices of the high-dimensional
time series. To address the dynamics present in multidimensional data, a straightfor-
ward extension involves applying Principal Component Analysis (PCA) to an augmented
data matrix that includes lagged measurements. This approach is known by various
names, including Extended Empirical Orthogonal Function (EEOF) proposed in Weare
and Nasstrom [168], Singular Spectrum Analysis (SSA) introduced by Vautard and Ghil
[163], the Method of Delays (MOD) presented by Broomhead and King [25], and Dynamic
Principal Component Analysis (DPCA) developed by Ku, Storer, and Georgakis [34]. In-
deed, these methods have some notable disadvantages that should be considered. These
limitations may impact its practical applicability and interoperability: (1)Increased com-
plexity with lags: One significant drawback is that as the number of lags increases, the
dimension of the loading vectors and the number of parameters also grow dramatically.
This can lead to computational challenges and increased model complexity, potentially
making it harder to handle large-scale datasets efficiently; (2) Lack of explicit representa-
tion: the method does not provide an explicit representation between the latent variables
and the original measurement variables. This can hinder the interpretability of the model,
as it becomes challenging to understand the relationships between the latent variables and
the underlying process and quality variables; (3) Neglecting dynamic content: The focus
of the method on variance rather than dynamic content of the data is a limitation. By
primarily emphasizing variance, the model may not fully capture the time-dependent pat-
terns and trends present in the data, which can limit its ability to provide insights into the
underlying correlation structure and dynamics. To overcome these drawbacks, a series of
dynamic inner latent variable methods are proposed.

In the pursuit of extracting dynamic latent variables (DLVs) that exhibit the high-
est covariance with their past predictions, a novel algorithm called Dynamic-Inner PCA
(DiPCA) was introduced by Dong and Qin [50]. DiPCA utilizes this covariance to establish
a rank order of the DLVs based on their prediction power. However, it is important to
note that while DiPCA maximizes the covariance between the latent variables and their
predictions, it does not necessarily optimize the R? value of the latent variable models. Sub-
sequently, to address this concern, Dong and Qin proposed an alternative approach named
Dynamic-Inner Canonical Correlation Analysis (DiCCA) [19]. DiCCA aims to maximize
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the canonical correlation, which can lead to more favorable optimization results compared
to DIPCA with respect to the R? value of the latent variable models. In addition, Dong,
Liu, and Qin developed an efficient implementation of DiCCA based on Singular Value
Decomposition (SVD) that exhibits numerical robustness, enhancing the practical applica-
bility of the method [18]. Both DiPCA and DiCCA methods generate DLVs successively,
one after another, and construct latent relations that do not interact with other exogenous
factors. These non-interacting DLV relations are further interpreted in this section with
the framework of the Kalman filter theory. This allows for the marginal description of the
DLVs, shedding light on their dynamic characteristics and providing valuable insights into
their behavior and evolution over time.

SFA, as a time series model, focuses on the invariance between neighboring sam-
ples by minimizing their difference, which can capture dynamics directly to some extent.
SFA is widely used for object detection, action recognition, and blind source separation
[174, 20, , , |. Considering its ability to extract slow variations from noises,
SFA is adapted in manufacturing processes to differentiate normal deviations in operating
conditions from dynamic anomalies [117]|. Since it is common to change process objec-
tives based on the market demands in modern manufacturing processes, identifying actual
anomalies is essential to reduce nuisance alarms and thus improve the system’s reliability.
SFA extracts the first-order dynamics, and augmentation technique is also employed in
SFA to extract multi-order dynamics [117, , , |. However, similar to other LVMs,
augmented data exploitation leads to unclear dynamic interpretation in the extracted la-
tent variables (LVs). Inspired by the dynamic inner LVMs, dynamic inner SFA (DiSFA)
was also designed [153, | to build a serial correlation between the current sample and
a weighted combination of past samples. DiSFA assigns optimal unconstrained weights to
historical samples to maximize the similarity with the current sample. Thus, instead of em-
phasizing the slowness as in SFA, the nature of DiSFA is to maximize the predictability of
LVs. Further, nonlinearity is not considered or effectively integrated in the aforementioned
variants of SFA.

Based on the aforementioned methodologies, it can be deduced that for the present
state-of-the-art dynamic extensions of Latent Variable Models (LVMs) continue to face
certain limitations in establishing a robust framework for formulating dynamic relationships
among the latent variables. Moreover, when solving the dynamic model, there remains a
susceptibility to potential rank-deficient issues. To address these issues, in Chapter 6,
a multi-step dynamic SFA, namely exponentially weighted SFA (EWSFA), is proposed
to explicitly extract multi-order dynamics in modern manufacturing processes. EWSFA
minimizes the difference between the LV of the current sample and the predicted LV formed
by the weighted combination of past samples. Different from dynamic inner LVMs, the
exponentially weighted moving average [71] is used to weight past samples to account for
the decaying nature of time series. The extracted dynamics are easy to interpret and follow
the decaying nature of time series data.



1.2 Supervised Dynamic Latent Variable Methods

In the field of supervised Dynamic Latent Variable (DLV) methods, the latent variables
demonstrate dynamic inter-dependencies with the quality label variables, thus necessitat-
ing the achievement of suitable trade-offs. Notably, these latent variables may constitute a
combination of dynamic and static LVs, setting them apart from the DLVs derived through
unsupervised DLV analytics. This distinction is readily apparent when comparing them
with their static counterparts. Specifically, the label-relevant latent subspace and the
complement residual subspace may encompass a blend of dynamic and static LVs. This
nuanced observation underscores the intricate nature of DLV models in supervised set-
tings, emphasizing the need to discern and leverage their dynamic and static components
appropriately.

The early exploration of employing dynamic latent variables for predictive purposes can
be traced back to the work of Weare and Nasstrom [108]. Their approach utilized DPCA
(Dynamic Principal Component Analysis) components as empirical orthogonal functions
to predict the associated labels. Subsequently, Ricker [137] and Qin, McAvoy [133], as
well as Qin, McAvoy [131], adopted Partial Least Squares (PLS) and neural net PLS tech-
niques to construct dynamic predictive models based on time-lagged process data. Due to
their simplicity and ease of implementation, these methodologies have gained widespread
adoption in supervised dynamic modeling over the preceding decades. A nonlinear vari-
ant of dynamic PLS (DPLS) was introduced by Baffi, Morris, and Martin [15] within
the framework of an autoregressive model with exogenous inputs (ARX). This nonlinear
approach was effectively applied to predictive control tasks. Furthermore, extensions of
DPLS to accommodate batch processes and nonlinear processes were proposed, utilizing
an augmented process matrix by Chen and Liu [30], Fletcher, Morris, Montague, and Mar-
tin [58], as well as Hu, Zhao, and Liang [70]. Stock and Watson proposed an alternative
supervised dynamic modeling method that employed a preliminary Principal Component
Analysis (PCA) [155]. Their approach involved conducting PCA on the process data to
extract lagged latent factors, which were subsequently linked to quality variables using or-
dinary least squares. This method can be viewed as a dynamic extension of PCR (Principal
Component Regression) but shares some of the limitations inherent in static PCR. The
structure of work presented above constitutes significant contributions to the field of su-
pervised dynamic modeling, offering various methodologies that have been widely utilized
and studied for their respective merits and drawbacks.

The aforementioned augmentation methodologies have demonstrated efficacy in captur-
ing dynamic variations between process and quality variables. However, a notable drawback
is their propensity to introduce a substantial increase in the dimensionality of the process
matrix, resulting in a significant computational burden and unwieldy models. Addressing
this concern, an enhanced dynamic Partial Least Squares (PLS) approach was proposed by
Kaspar and Ray [79]. This improved method aims to maximize the fraction of explained
quality variance at each stage of the modeling process. Subsequently, Lakshminarayanan,
Shah, and Nandakumar devised an alternative dynamic PLS technique by directly modify-
ing the inner relation of PLS [38]|. Here, the process and quality scores were linked through
a dynamic component, such as an autoregressive model with exogenous inputs (ARX) or
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Hammerstein model. This formulation proves effective in yielding satisfactory solutions,
particularly when input signals primarily exhibit low-frequency content. However, it is
noteworthy that the outer model in this context is derived using the static PLS algorithm.

Li, Liu, Qin, and Zhou introduced an innovative approach termed Dynamic Partial
Least Squares (DPLS) that enhances the compactness of the dynamic latent variable struc-
ture by maximizing the covariance between the quality scores and a weighted representation
of process scores |94]. Notably, this novel formulation involves a two-step process, where
the inner dynamic model is initially established, leading to a refined and concise representa-
tion. More recently, a dynamic inner Partial Least Squares (DiPLS) method was proposed
by Dong and Qin to concurrently estimate consistent inner and outer models [51]. DiPLS
achieves this by maximizing the covariance between the quality scores and a weighted
combination of process scores, which incorporates a dynamic inner model. The resulting
models are explicit and compact, thereby facilitating their interpretation as dynamic latent
factors. In addition to DPLS and DiPLS, analogous methodologies have been extended
to Canonical Correlation Analysis (CCA) and Latent Variable Regression (LVR). Dong
and Qin [19] and Zhu et al. [224] independently developed similar techniques for CCA
and LVR, respectively, to further advance the field of dynamic latent variable modeling.
These advancements represent notable contributions to the realm of dynamic modeling, of-
fering sophisticated and interpretable methodologies that enhance the understanding and
analysis of dynamic latent factors across various domains and applications.

However, there are still challenges in the field of supervised dynamic latent variable
methods. Owing to the elevated sampling rates commonly employed in industrial pro-
cesses, there exists a potential for the presence of redundant and collinear information
in consecutively sampled data. Utilizing such data directly for modeling and monitoring
purposes can lead to sub-optimal performance. To address this issue, Chapter 3 presents a
novel approach termed dynamic weighted Partial Least Squares (DWPLS). The DWPLS
method is designed to effectively handle the redundant information present in adjacent
samples, offering a promising solution for improved modeling and monitoring in industrial
processes. DWPLS reduces the dependency in adjacent samples by designing a series of
basis functions of polynomial and Gaussian types.

In order to enhance the interpretability and reliability of the models, our thesis will
persistently emphasize the refinement of multivariate statistical techniques. Nevertheless,
within the scope of the aforementioned methodologies, an unaddressed aspect pertains to
the auto-correlations existing between current and past quality variables. Exploiting these
correlations could significantly enhance the efficacy of the modeling and monitoring pro-
cesses. To address this crucial aspect, Chapter 4 introduces a novel approach referred to
as the Dynamic Auto-Regressive Latent Variable Model (DALVM). This model effectively
captures the dynamic behavior of quality variables by incorporating information from not
only past process samples but also past quality samples. By integrating these latent de-
pendencies, the DALVM offers a promising means of improving the overall performance of
our analysis. While these models exhibit varying degrees of success, certain issues still ne-
cessitate resolution. Primarily, when confronted with high rates of missing data, especially
in scenarios where dissimilar sampling rates are employed during data collection, they fail
to achieve satisfactory performance.



In order to tackle this issue comprehensively, Chapter 6 introduces an enhanced missing
data imputation strategy based on a multi-step ahead prediction method. Initially, a novel
approach called the Efficient Dynamic Auto-Regressive CCA (EDACCA) is proposed to
establish dynamic relationships between the current quality sample and a weighted combi-
nation of past processes and quality data. The introduction of two weighting parameters
enhances the model’s flexibility, while various techniques, including singular value decom-
position, are incorporated to bolster its efficiency. Moreover, in order to mitigate the impact
of erroneous data and address irregular sampling rates, a multi-step-ahead (MS) prediction
model is devised, building upon the foundation of EDACCA. This MS prediction model is
subsequently adapted for the purpose of handling irregular missing data imputation, thus
providing a robust and comprehensive solution to the prevailing issue.

Following the above, the novel contributions of this work can be summarized as follows:

a. Chapter 3 proposed dynamic weighted latent variable methods to address the redun-
dancy between neighbor samples by adapting basis functions (DWPLS).

b. Chapter 4 designed dynamic auto-regressive models to make full use of both process
and quality information and to achieve consistency of their outer and inner models

(DALVM).

c. Chapter 5 developed efficient dynamic auto-regressive models for multi-step-ahead
(MS) prediction and missing data caused by irregular sampling rates (EDACCA).

d. Chapter 6 developed an efficient extension of slow feature analysis to capture multi-
step dynamics (EWSFA). The extracted dynamics are easy to interpret and follow
the decaying nature of time series data.

The remainder of this thesis is arranged as follows. Chapter 3 describes the details of the
proposed dynamic weighted PLS modeling method and its corresponding monitoring strat-
egy. Case studies with the Tennessee Eastman Process (TEP) and a distillation process
are presented to demonstrate their advantages. Chapter 4 proposes a novel dynamic latent
variable model, dynamic auto-regressive latent variable model (DALVM) to fully exploit
the dynamics between process and quality data. Concurrent decomposition techniques are
designed for DALVM for comprehensive monitoring purposes. A numerical simulation,
the Tennessee Eastman process (TEP), and the three-phase flow facility (TPFF) are used
to illustrate the efficacy of the proposed algorithm. Chapter 5 further developed an effi-
cient dynamic auto-regressive extension of CCA to realize a comprehensive decomposition
and modeling of quality data space. The TEP and a wind energy generation process,
are employed to demonstrate the effectiveness of the proposed method. Chapter 6 gives
more details about the proposed exponentially weighted slow feature analysis (EWSFA)
algorithm and its comprehensive dynamic monitoring framework. Case studies on two in-
dustrial processes are presented to illustrate the superiority of the proposed methods for
oscillation analysis and monitoring performance. Chapter 7 illustrates the conclusion and
future works.



Chapter 2

Background and Literature Review

2.1 Supervised static Learning Methods

Within machine learning, supervised learning algorithms have played an important role for
classifying infrequent quality data with respect to process inputs [28, 10, 66]. Among them,
multivariate statistical analysis methods are widely studied and applied in the process
systems engineering community due to their additional ability of dimension reduction and

interpretability, and their capability for detection and diagnosis [63, 69, 216]. Some popular
methods include partial least squares (PLS) [63], canonical correlation analysis (CCA)
[158], and latent variable regression (LVR) [222]. Studies involving the application of these

methods are briefly reviewed in the following sub-sections.

2.1.1 Partial Least Squares

PLS was first proposed by Wold et al. [175] to exploit the relation between process and
quality data by maximizing the covariance between their latent variables. Assume that X
€ R™™ and Y € R™P? are the input and output data respectively, where m and p are the
number of process and quality variables, and n is the number of samples. The objective of
PLS can be represented as [63]

max J=q'Y'Xw
W (2.1)
st [[wl =1,]la] =1

where w and q are the process and quality weighting vectors respectively, t = Xw is the
latent score vector of process variables, and u = Yq is the score vector for quality variables.
It is noted that the description of variables as input/output and process/quality are used
interchangeably in this work.

A linear regression model is constructed between quality and process scores in the inner
model of PLS by
u=>0bt+r (2.2)
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where r is the regression error. With the iterative procedure, [ sets of latent variables can
be extracted by PLS, and X and Y can be decomposed as

X=TP ' +E

Y =TBQ' +F (2:3)

where T € RnXl = [t1>t2a T 7tl]a P e Rle = [p17p27 T 7pl]7 Q S Rle = [Q17Q27 U 7ql]a
B = diag[bi, ba, - -+ , ], [ is the number of latent variables, and E and F are the residuals
of process and quality variables respectively.

For online application, the PLS model can be used to predict quality variables y from
a new sample x by

vy =QR'x (2.4)

where R € R™*! = W(PTW)~! |41, 43].

While the PLS model compresses the data into a reduced space relating quality vari-
ables to inputs, its extracted latent scores still contain quality-irrelevant variations. Cor-
respondingly, the variance of the residuals may be very large, which imposes difficulty for
subsequent monitoring tasks. To overcome these issues, total and concurrent modeling
strategies were proposed to decompose input/output variables’ spaces further to achieve
improved performance [214, , 57, , .

2.1.2 Canonical Correlation Analysis

Canonical correlation analysis (CCA) algorithm was proposed by Hotelling [68] to capture
the correlation between two datasets. Given X € R™ ™ and Y € R"*P, CCA aims to
maximize the correlation between X and Y as follows

max J=q'Y Xw
aw (2.5)
st [ Xw| =1,[[Yq| =1

Singular value decomposition (SVD) or eigendecomposition method is utilized to solve
the objective in Eq. (2.5), and the details can be found in [65]. A regularized CCA (rCCA)
was proposed by Zhu et al. to improve its robustness in strongly colinear scenarios [221].

After performing CCA, X and Y are decomposed into

{ X =TP' +E 26)

Y=TQ'+F

where T, P, Q, E and F have the same meaning as those in Eq. (2.3). Similarly, for a
new collected sample x, the quality variables y can be predicted by

¥ =QR'x (2.7)

which can be used further for online monitoring and diagnosis [221, 32, .
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2.2 Supervised Dynamic Latent Variable Models

The aforementioned PLS and CCA rely on an implicit assumption that only static relations
exist in the data. However, for real-world industrial processes, the dynamic relations
involved in process and quality variables will reduce the credibility and efficiency of these
models. Therefore, their dynamic extensions were proposed to deal with dynamic systems.
Qin and McAvoy [131] and Ricker [137] applied the augmentation method directly for PLS,
and it is a straightforward method in which the input matrix is combined with a number of
lagged values of quality and process variables. However, it is hard to interpret the relations
extracted by these methods and the computation costs were increased unnecessarily.

Alternatively, Lakshminarayanan et al. [38] introduced time series models between
process and quality latent variables to build the dynamic inner model. Then Li et al.
[94] proposed a novel dynamic PLS to maximize the covariance between the quality score
and the weighted lagged process scores. Dong and Qin [51] achieved improved modeling
performance by designing dynamic inner and outer models which have consistent dynamic
formulations, this novel algorithm is referred to as dynamic inner PLS (DiPLS).

2.2.1 Dynamic Inner PLS

Qin et al. [127] compared the reported dynamic variants of PLS and concluded that
DiPLS provides good modeling performance because of its consistent dynamic outer and
inner models [51]. The objective of the DiPLS outer model is

max q' Y Z[8® w]
R (2.8)
st flall =1, 18 =1, [wl]l =1

where
Zy € RV — (XX, X
Y, € RYP = [y, yorr, - Ysrn] (2.9)
BeR™ =By, B, B
X; € RV*™ = [x;, X1, ,Xiyn]! (i = 0,1,--+,5) is a subset of process matrix X €

R™™ & is the Kronecker product, and s is the dynamic order. The objective of Eq.
(2.8) is to maximize the covariance between current quality variables and current and past
process variables. To align with the denotations in Eq. (2.1), we have n = N + s+ 1.

Its consistent dynamic inner model is designed to relate the quality score and past
process scores according to the following linear regression expression.

up = Poty + Pitg—1 + -+ Bstp—s + 1% (2.10)

where 7y, is the regression error, ¢, = x]w and u; = y, q are the principal component
projection of x; and yj respectively, and w and q have the same meanings as in Eq. (2.1).
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Deflation must be performed on X and Y, for the extraction of next sets of latent
variables. After training the DiPLS model, the quality variations can be predicted by

y = Qu, (2.11)

where 0, is obtained from t based on dynamic inner modeling, and Q = [qi1,qQs, -, q]
is the key model parameter relating process variables with quality data. More details of
DiPLS can be found in [51].

2.2.2 Supervised Dynamic inner CCA

Supervised DICCA (sDiCCA) was proposed to improve the dynamic modeling performance
of CCA [19]. Let denote x; and yj, as the process variables and quality variables collected
at time k, their corresponding latent variables are

T
ly =X, W

2.12
Ukzy;q ( )

sDiCCA assumes the following weighted relations between u, and t; in its inner model.

up = Botr + Pitk—1 + -+ Bsti—s + 1% (2.13)

where 3; (i =0,1,...,s) are the weights, and 7}, is the regression error. The output latent
variable 1 can then be predicted by

=Y Bitii = Y _Bixj,w (2.14)
1=0 =1

To achieve dynamic consistency, the outer model of SDICCA is designed to maximize the
correlation between the process and quality scores. More details can be found in Chapter

D.

2.3 Unsupervised static Learning Methods

Unsupervised latent variable methods are adept at reducing high-dimensional data to low-
dimensional latent variables in the absence of labeled or target data, denoted as Y. Taking
the example of PCA, the maximization of the variance of latent variables serves as an
intrinsic objective, owing to the absence of alternative target information. Different unsu-
pervised learning techniques are briefly reviewed below.
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2.3.1 Principal Component Analysis

A major feature of latent variable methods is their ability to reduce dimensions and focus
on relevant features in the reduced-dimensional subspace. Principal component analysis
(PCA) projects the data to a vector of latent scores t = Xp, and makes the scores have
the largest variance, that is,

max J=p' X' Xp
P

(2.15)
s.t. [Ipll =1
The above problem can be solved by the following
X"Xp = \p (2.16)

where the vector p represents the eigenvector of the matrix product XX, corresponding to
its largest eigenvalue. It is noteworthy that this particular matrix is directly proportional
to the sample covariance matrix, rendering it commonly denoted as the covariance matrix
in colloquial parlance. The vector p is referred to as the loading vector for the principal
components. After the number of principal components is detected, the first [ loading vec-
tors can be represented as P € R™*! = [py, pa,- - - , pi] which are the eigenvectors of XX
corresponding to the [ largest eigenvalues A1, o, - - - , A; in descending order. The principal
component score matrix and the residual matrix after extracting [ principal components
can be represented as follows

T: [tl,tg,"‘ ,tl] :XP
X=X_-TP'

2.3.2 Slow Feature Analysis

SFA was proposed by Wiskott and Sejnowski [171] to extract slowly varying features
from high dimensional temporal input signals. Given an m-dimensional input signal
x(t) = [x1(t), 22(t), ..., zm(t)] ", SFA seeks for [ sets of transformation functions g(x) =
[91(%), g2(x), ..., q:(x)]", and transforms x(t) into [ LVs s(t) = [sy(t), sa(t),...,s(t)]" by
optimizing

. .9
min (s% 2.17

9;(x) < ]>t ( )

st (s)e =0, (s)e=1, (sis;)e=0 Vi#j (2.18)

where the angle bracket denotes temporal averaging (f); = ﬁ til f(t)dt, and s; is the

first-order derivative of s;(¢). SFA defines ($;), in Eq. (2.17) as an indicator for slowness of
LVs, and LVs are extracted with an ascending order of ($;);. The constraints in Eq. (2.18)
ensure that the extracted LVs have zero mean and unit variance, and are decorrelated from
previous LVs. It is noted that LVs s; (j = 1,2,...,[) are also called slow featuress (SFs)
in SFA, and both LVs and SFs are used interchangeably in this work.
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2.4 Unsupervised Dynamic Latent Variable Models

Unsupervised dynamic LVMs have been also proposed recently. While supervised LVM
is used to obtain dynamic data relationships between two variable sets, the unsupervised
counterpart seeks to extract one or more latent variables that represent optimal linear
combinations of a single variable set, with a focus on maximizing either auto-covariance or
auto-correlation. The goal is that the residual error that remains after extracting the most
predictable latent variables from the data will be close to white noise. In this sense, the
unsupervised dynamic LVMs extract a set of principal time series from a multi-dimensional
time series.

2.4.1 Dyanmic Inner PCA

The DiPCA algorithm, which facilitates the extraction of principal time series, offers several
key advantages:

1. Enhanced Predictability: the algorithm has the ability to predict dynamic compo-
nents based on past data. This predictability enhances the overall reliability of the
algorithm.

2. Enhanced Data Interpretation and Diagnosis: The extracted dynamic components
derived through DiPCA serve as effective tools for highlighting essential dynamic
features in the data. These features might be challenging to discern from the original
data directly. Consequently, DiPCA aids in better data interpretation and facilitates
accurate diagnosis.

3. Reduced Temporal Correlation: An important benefit of DiPCA is its capability to
effectively extract dynamic components from which it is easier to explain the resulting
prediction errors.

In general, the goal of DiPCA is to extract dynamics in a latent variable ¢, so that
the current value can be predicted from the past using the following auto-regressive (AR)
model,

te = Pitg—1 + Bali—2 + - + Bsto—s + 1% (2.19)

where the latent variable is a linear combination of the original variables such as t; = x] w

Since the objective of the dynamic inner PCA algorithm is to maximize the covariance
between the extracted data and the prediction, its objective can be represented as follows

[50]

max w' X! ,Z[8®w]|
w3 (2.20)
st wl =1, 8] =1
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where
Zs € RNX(S)m = [Xsa Xsflv T 7X1]

- (2.21)
ﬁ eR’ = [617527"' 753]

This DiPCA can also be viewed as a whitening filter applied to the data. After all
DiPCA components are extracted, the prediction errors are essentially white as virtually
all the dynamic relationships in data are extracted. An important notion of this whitening
filter is that it has a reduced number of latent variables compared to the number of variables
in that data, and is appropriate for modeling the common case of highly collinear data from
real-world problems. This solution is different from a full-dimensional vector autoregressive
(VAR) model that requires inverting a covariance matrix, which can be ill-conditioned due
to highly correlated data. Furthermore, the DiPCA latent variables have a clear objective
and can provide useful features for data-based interpretation, visualization, and diagnosis.

2.4.2 Unsupervised Dynamic Inner CCA

CCA has shown its advantages in prediction and time series modeling over PLS [221],
and its unsupervised dynamic inner counterpart is also designed, which is referred to as
dynamic inner CCA (DiCCA) [19]. The optimization objective of DiCCA is

max WTX;lZs B ® w]
w, (2.22)
st [[Xepw|| =1, |ZBow]| =1

where
Zs € RNX(S)m = [stxsflv T 7X1]
ﬁ eR® = [517627"' 753]T

X; € RV*™ = [x;, %01, ,Xiyn] | (i = 1,2-+- .5+ 1). It is noted that the matrix
subscripts in Eq. (2.22) are different from those in Eq. (2.8), since DiCCA was ini-
tially designed as an unsupervised learning method; that is, DICCA maximizes the auto-
correlations between current process score and a weighted combination of past process

(2.23)

scores.

The inner model of DiCCA is designed to capture the dynamics between current process
scores and past process scores, which is

by = Pitg—1 + Pati—o + - + Bsti—s + 1k (2.24)

where tj, is the process score for current sample, and ¢t; (i = k—1,k—2,..., k—s) denotes
past process scores. Compared with DiPLS, B does not need to be re-estimated in the
inner model since 3 is solved coincidentally in the outer model. More details can be found
in [19].
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2.4.3 Dynamic Inner Slow Feature Analysis

To improve dynamic modeling performance, multi-step SFA methods were proposed, such

as multi-step dynamic SFA [103] and dynamic inner SFA [153, 181]. Among them, DiSFA

has achieved improved performance since it retains consistent dynamic relations. Inspired

by the work of DICCA [158], Xu et al. [181] proposed DiSFA that capture dynamics from
discrete time series signals x(k) by optimizing the following objective.

min  {(s; — §;)°), (2.25)

st (s;)e =0, (s5)e=1, (&) =1, (si8;)¢=0 Vi (2.26)

where §,(t) is predicted from LVs of the past d samples,

$;(t) = Z Bisj(t — 1) (2.27)

where s;(t — i) is the j LV of sample x(t — i), 3; are their corresponding weights, and
d is the time lag. The detailed solution of DiSFA can be referred to [153, |, and the
optimization goals of DiSFA and DiCCA are exactly the same. The additional constraint
(83): = 1in Eq. (2.26) imposes a limit for the weight parameters 3 = [31, fs, . . . B4, and
optimal unconstrained values can be assigned to (;, which implies that the main objective
of DiSFA in Eq. (2.25) is to maximize the predictability of the LVs.

After performing DiSFA, a new sample x(k) can be decomposed as follows
x(t) = PG(q Y)s(t) +e(t) (2.28)

where P € R™* = [py, pa, ..., pi]; G(g~V)s(t) = 320, B;s(t —1) is the transfer function of
the dynamic model, and e(t) represents the residuals.

2.5 Nonlinearity Handling

With the development of process control systems and the complexity of industrial processes,
nonlinearity is a big challenge to deal with, and neural networks (NNs) are widely used
to capture nonlinearity in industrial data. A neural network can be seen as an artificial
network that consists of artificial neurons or nodes.

Deep neural networks (DNNs) have shown their superiority in many fields such as image
classification, financial market prediction, and chemical process fault diagnosis |92, 38, 44,

|. Many variants of deep learning methods are also proposed based on DNN, such
as stacking automatic encoders, convolution neural networks, deep probabilistic neural
networks, and deep fuzzy neural networks |97, 90, 29, 45].

Autoencoder (AE), a typical unsupervised NN algorithm, includes two important parts
which are the encoder and decoder. Encoder aims to encode a set of data with nonlinear

17



activation functions for dimensional reduction and yields code. Decoder then tries to
reconstruct the original data with minimal error. It is noted that when the activation
function is linear and the number of hidden layers is one, AE will reduce to PCA, and
thus AE can be regarded as a generalized PCA. Extensions of AE were also proposed to
improve its robustness. Ng [110] proposed a sparse AE in which the sparsity constraint is
introduced to the hidden layer and an additional regularization is applied to exploit the
inner structure of data. Vincent et al. [165] proposed the denoising AE (DAE) corrupt
input with methods of stochastic mapping. DAE improves the model’s robustness and
ensures consistent results even when slight disturbances occur. Dropout strategy was also
adapted into AE to drop out some hidden units in a hidden layer, which is powerful when
training resources are not enough to train large amounts of neural networks [154|. Rifai et
al. [139] proposed a deterministic neural network architecture, contractive AE, by designing
a Jacobian matrix for activation functions to improve its robustness over the traditional
AEs. Moreover, the generative model, variational AE [31, |, was proposed to deal with
missing data by introducing a parameterized probability density function.

Neural networks and deep learning methods have shown their potential and promising
outcomes in different applications. However, their interpretability is relatively poor which
reduces their applicability in practical industrial processes [53, 4.

18



Chapter 3

Dynamic Weighted Partial Least
Squares

3.1 Overview

! To address redundant information existing among adjacent samples with high sampling
rates, a dynamic weighted PLS (DWPLS) method is proposed to deal with the aforemen-
tioned issue. DWPLS maximizes the covariance between the quality latent scores and a
weighted representation of lagged process scores. The relations of lagged process scores
are learned through a weighted summation of basis functions. The monitoring scheme
of DWPLS is also constructed. Case studies with two processes, the Tennessee Eastman
process, and a distillation process, are conducted to show the advantages of DWPLS over
existing methods in terms of regression and fault detection performance.

3.2 Introduction

In the past decades, supervised modeling and monitoring have achieved great success in
modern industries to improve operating safety and production efficiency |61, , , .
The collected data in these processes are massive, highly dimensional, and highly correlated
due to the complexity of physical and chemical conditions and process operations, leading
to the ill performance of traditional regression methods. To extract valuable information
efficiently from the high dimensional data with high correlation, multivariate statistical
methods such as partial least squares (PLS) and canonical correlation analysis (CCA)
are widely employed [173, , |. Among them, PLS is an efficient latent variable
algorithm to extract cross-correlations between process variables (X) and quality variables
(Y) [175, 12, 114]. Two sub-models are included in PLS: firstly, in order to acquire the
maximum covariance of latent variables in the outer model, compute the loading vectors for

! Adapted from Xu, Bo, & Zhu, Q. (2020). Online quality-relevant monitoring with dynamic weighted
partial least squares. Industrial & Engineering Chemistry Research, 59 (48), 21124-21132
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process and quality variables. After those calculations, an inner linear model is then well-
constructed between process scores and quality scores. Deflation is also being performed
to mitigate the effect of the extracted latent variables from X and Y. It is noted that
input/output variables and process/quality variables are used interchangeably in the paper.

An implicit assumption of PLS is that the relation between process and quality variables
is static. Hence, it is not applicable to most industrial processes where dynamics are
involved, and the dynamic covariance cannot be exploited fully and accurately by static
PLS. Thus, dynamic variants of PLS are proposed to deal with dynamic systems. For
the purpose of extracting the dynamic relation between process and quality variables,
Ricker [137] constructed the input data matrix with lagged values of the process variables.
Qin and McAvoy [133] modeled the dynamics by applying PLS on the data matrix which
includes lagged values of both process and quality variables. However, these models involve
substantial increments in the dimension of X that can lead to a high computation cost.

Alternatively, Kaspar and Ray |[79] employed a discrete transfer function to represent
the dynamic transformation of X, which eliminated the dynamic components in X, and
then a static model was established between filtered X and Y where lagged variables no
longer exist in the outer relations. After that, a dynamic inner model was built between
process and quality scores. Qin and McAvoy [130] built a dynamic inner model by im-
plementing the single-input-single-output neural network. Lakshminarayanan et al. [38]
proposed a dynamic inner model by introducing time series models such as auto-regressive
models with exogenous variables. However, these methods just include a dynamic inner
model and lack modification about the static outer model.

Li et al. [94] put forward a dynamic PLS to handle the dynamics by using a weighted
vector to combine lagged process data, and an explicit dynamic outer model was devel-
oped between quality data and weighted process data. Qin and McAvoy [131] used lagged
values of process variables only or both process and quality variables as input data in the
dynamic outer model, and a single-input-single-output neural network was used simultane-
ously which built a dynamic inner model. All of these methods modified the inner or outer
relation only or paid no attention to the consistency formulations of dynamic inner and
outer relations. Recently, Dong and Qin [51] focused on the consistency of the dynamics
of inner and outer models, and developed an improved dynamic PLS (DiPLS). In DiPLS,
dynamics are incorporated in both inner and outer models. The monitoring scheme based
on DiPLS was developed by using past process information to improve the ability of moni-
toring and fault diagnosis. State-space models with subspace identification techniques can
also be employed for dynamic monitoring purposes, which focuses on extracting state vari-
ables that are inherently auto-correlated from dynamic data [112, 109]. All these dynamic
methods can also be extended to process batch processes |39, 30].

Due to the high sampling rates in industrial processes, redundant and collinear informa-
tion may be involved in successive sampled data, and modeling and monitoring with these
data directly may result in sub-optimal performance. In this work, inspired by the work
of dynamic weighted CCA (DWCCA) [217], a dynamic weighted PLS (DWPLS) method
is proposed to deal with the redundant information in neighboring samples. DWPLS re-
duces the dependency in adjacent samples by designing a series of basis functions such as
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polynomial and Gaussian bases. In the inner model, the quality scores are represented
by a lagged vector auto-regressive model. To maintain the consistency in dynamic inner
and outer models, the outer model is controlled to maximize the covariance between the
output latent scores and a weighted combination of lagged input scores which is built by
a weighted summation of basis functions. The monitoring framework for DWPLS is also
designed to cope with anomaly detection. The effectiveness of DWPLS over DiPLS is
substantiated through the Tennessee Eastman process (TEP) and a distillation process in
terms of process modeling and anomaly detection performance. It is noted that the idea
of basis functions can also be applied to other algorithms such as state space methods and
slow feature analysis methods [174].

The rest of this chapter is arranged in the following organization. Firstly, the static
PLS and DiPLS algorithms are briefly reviewed. Then the proposed DWPLS algorithm
is developed in the following section. The design of the basis function, the objective of
DWPLS, and its procedure are presented in detail. Further, a process monitoring scheme
based on DWPLS along with the fault detection indices are shown. The case studies’ section
discusses the effectiveness of the algorithm based on the Tennessee Eastman process and
a distillation process. Both case studies include the comparison of prediction performance
between DiPLS and DWPLS with different basis functions, the influence of the selection of
parameter points, and the effectiveness of the predictive monitoring schemes. Conclusions
are summarized in the last section.

3.3 Prelimilary

3.3.1 Static Partial Least Squares

PLS algorithm was proposed by Wold et al. [177] to extract a series of latent variables from
process and quality variables which can maximize the covariance between latent variables,
and handle collinearity issues in the data. Define Y € R"*? and X € R™™"™ as the input
and output data respectively, where n is the number of samples, ¢ is the number of quality
variables and m is the number of process variables. Then the objective of PLS is |63, 170]

max J=q'Y'Xw
W (3.1)
st [[wl =1, llafl =1

where w and q are the weighting vectors of X and Y respectively. Eq. (3.1) is referred to
as the outer modeling, whereas latent score vectors u and t can be defined as u = Yq and
t = Xw. The details of the algorithm can be found in Wold’s work [175].

For calculating the inner model, a linear regression model is proposed to build the
relation between t and u as follows

u=>bt+r (3.2)
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The effect of the extracted components can be removed from X and Y by deflating them
as follows

X:=X—-tp'

3.3
Y =Y —itq' (3:3)

where p = tT t From the deflated X and Y, subsequent latent variables can be extracted
until enough latent variables have been extracted.

Then, X and Y can be expressed as
X =TP' +E

Y =TBQ' +F (3:4)

where P € R™* = [py,py,-- ,pi), T € R = [t1, 9, 8], Q € R = [q1,q0,- -+, ql],
B = diag[by, b, -+ , b, and E and F are the residuals of input and output, respectively.
Hold-out and cross-validation are two normal methods to determine the parameters of the
algorithm.

For the purpose of online prediction, the corresponding output y can be calculated from
the new sample x as follows

= QR 'x (3.5)
where W € R™*! = [w, wy, -, w;], and R € R™*! can be expressed as R = W(PTW)~!

3.3.2 Dynamic Inner Partial Least Squares

It is obvious that the aforementioned PLS can achieve good performance in static processes
only, which, however, rarely exist in industries. In order to extract the dynamics between
process scores t; and quality scores u;, sampled at time k, a dynamic relation is assumed
as follows

ug = Polr + Bitg—1+ -+ Bslh—s + 1% (3.6)
where u, = y/ q, t, = x] w, and s is the time lag.
Accordingly, the objective of the outer model is represented as

max q'Y,Z8®Ww]
s (3.7)
lall =1, [I8] =1, [w]l =1

where
X = [x0,X1, -, Xeqn]
Y =[ys, ¥st1,- ,y5+N]T
Z,=[Xg Xso1, 0, Xo (3.8)
X; = [Xi, Xiq1, -, Xiqn] s 1=0,1,--- s
B =60, 51, B8]
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and ® is the Kronecker product. It is noted that the dimensions of the data are re-defined
as X € RWVFsHDxm — [x) 51 .-+ xXn4q)! and Y € RWVFsHDX0 — [y v ooy, ]7 in
Eq. (3.7). When s=0, the model reduces to static PLS. The model parameters q, w and
B in Eq. (3.7) can be solved iteratively with Lagrange multipliers. A modification of the
dynamic relation given by Eq. (3.6) has been proposed for the inner model of the DiPLS
algorithm, whose details can be found in Dong and Qin’s work [51]. DiPLS has shown its
advantages over other dynamic algorithms, and thus the proposed DWPLS algorithm is
developed based on DiPLS.

3.4 Dynamic Weighted Partial Least Squares

Due to the development of advanced sensory devices and other auxiliary technologies, the
data sampling rates in modern industrial processes can be set to a large value, leading to a
high redundancy and collinearity in adjacent samples. In these cases, dynamic latent vari-
ables methods may require very large amount of lagged data to work properly. Therefore,
it is necessary to design efficient dynamic algorithms to address the strong collinearity in
neighboring samples.

A potential way is to make reasonable and restrictive assumptions about the pattern of
the weights w in Eq. (3.6), since neighboring samples may have similar effects on output
scores thus not contributing new information while exacerbating the effect of noise. Thus,
a dynamic weighted partial least squares (DWPLS) algorithm is proposed in this chapter
to address the aforementioned issue. In DWPLS, each element of 3 in Eq. (3.7), 3.

(z€{0,1,2,---,s}) is modeled with basis functions as follows
v+1
B.=Y ¢i(2)b;, z€{0,1--- s} (3.9)
=0

where ¢; (j€ {0,1,--- ,v+ 1}) are selected basis functions which will be further discussed
in the following subsection, and b = [by, by, - ,b,41]" is the new weighted vector for
DWPLS. Due to the redundancy in the data, ~ is usually smaller than s.

Remark 1 FEq. (3.9) represents how past and current samples influence current data, so
the time variation of basis functions is in the range of 0 to s, and the samples outside the
range of 0 to s are assumed to have no impact on current data.

3.4.1 Basis Functions

The linear combination of basis functions can be employed to represent every continuous
or discrete function in the function space, and its general form can be represented as [72]

v+1

y(z|b) = by + Z b;(2)b; (3.10)
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Many existing basis functions can be employed in Eq. (3.10), such as polynomial basis
and Fourier basis. In this subsection, we review and adapt three of the most common bases
for DWPLS algorithm.

Polynomial Basis Functions

the polynomial function is very popular in areas such as Cryptography due to its simplicity,
and the standard polynomial basis ¢(z) is formed by

{17'27227"' 727+1} (311)

To introduce more flexibility in polynomial-based DWPLS (DWPLSpg), the following for-
mulation of ¢; (j € {0,1,---,v+ 1}) is adopted based on Lagrange interpolating polyno-
mials instead in our work [10]

) ) (e )
M) = o) e — ) (20— )

(2 20z —20) - (2 — 221)
(21 = 20) (21 — 22) -+ (21 — 2y11) (3.12)

¢1(2) =

B (z—20)(z—21) - (2 — 2y)
Prt1 () = (Zw+1 — ZO)(ZW-H —2z) - (Zw+1 - ZV)

Noting that these polynomials have the property that

where z is in the range of {0, s} and {zg, 21, , 2,41} are the selected parameter points
used to control the shape of the polynomial basis functions. The optimal value of v is
selected by trying different values between [1,s] based on the modeling performance of

DWPLS.

To satisfy Remark 1, parameter point zj is selected as -1 and 2,41 is s+ 1, and weighted
parameters by and b,;; should be 0. Thus, the weight parameters of DWPLSpg can be

reformulated as )

B, = quj(z)bj =¢(2)"b,z€{0,1,-- s} (3.13)

where ¢(z)=[¢1(2), - 7¢7(Z)]T‘

The general guideline to select the parameter points for polynomial basis functions is
omitted here due to page limitation. Readers can refer to Zhu’s work [217] for details and
illustrative examples.
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Gaussian Basis Functions

Gaussian basis functions are always employed in machine learning fields, and it can be re-
garded by itself as a simple neural network [26]. For Gaussian-based DWPLS (DWPLSqg),
the following form is adopted as the basis functions in Eq. (3.9)

;(2) = exp <_M> 20,1, s} (3.14)

2
2aj

where p; and o7 (j € {1,2,--- ,7}) are the mean and variance of the corresponding ¢;(c),
and p; should be in the range of [0,s]. To conform to Remark 1, ¢,;(—1) and ¢,(s + 1)
should be set to zero. Then the weighted parameters 3 are valid over the range of [0, s].
An illustrative example of Gaussian basis functions is provided in Zhu’s work [217].

Bézier Basis Functions

Bézier basis function is constructed based on Bernstein basis polynomial function, and
its shape geometry is determined by the configuration of the control points. Because
of the flexibility of Bézier basis function, it is widely applied in complex systems. The
mathematical form of Bézier basis function is represented by

- n n—igip
B(t) = Z; ( ; ) (1— )" P, (3.15)
where 0 < ¢t < 1, ( TZ ) are the binomial coefficients, and P; (i € [0,n]) are the control

points. In Bézier-based DWPLS (DWPLSgg), the n'" Bézier expansion of ¢;(z) is adapted
into

s+2

S+2 Z+1S —7,Z+]‘Z

¢j<z>=z< ; )(1—S+—2)+2 (535 Pu 2€{=10,---,s+1}  (316)
=0

where the control points P;; (i € [0,s + 2], j € [1,7] and v < s) should be determined.
Given Remark 1, the start point Py, is set as (-1,0) and the end point P, 9); is (s+1,0),
which make the ¢,;(—1) and ¢;(s + 1) equal to zero.

The control points of DWPLSgg are determined by their abscissas and ordinates. In
Eq. (3.16), for simplicity, the abscissa of each control point P;; is selected as i — 1 (i €
{0,1,---,s+2}), and the ordinates of P;; can be obtained recursively as follows.

a. Select a starting point # and a step difference d.
b. For j =1, Py = [Po1, P11, -+, Psy9)1] is designed as
P, =1[(-1,0),(0,0),(1,60 —d),--- ,(i,0 —id),--- ,(s,0 — sd), (s + 1,0)]

where the ordinate is reduced by d for each point when i € [1, s+ 1].
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c. For j > 1, Pj; can be obtained from P;;;_y) by

i. keeping the start point, end point and abscissa of every control points un-
changed;

ii. extracting the ordinate of the second last point and setting it as the ordinate of
the second point; and

iii. shifting the ordinates of the rest points backward for one position.

which is mathematically represented as

Py, =[(—1,0),(0,0 — sd), (1,0),---,(i,0 — (i — 1)d),--- ,(s,0 — (s — 1)d), (s + 1,0)];

PJ:[< 10) (O,Q—(S—j—Q)d),-" 7<j_170)="'?(i79_<i_j+1)d)7"'7
(5,0 — (s —j+1)d), (s + 1,0)];

P’Y:[<_170)7<079_(8_7_2)d>7"' 7(7_176)7"' 7(i>6_<i_7+1)d)7"'7
(5,0 — (s —v+1)d), (s + 1,0)];

A simple example is provided here to show the details of 3, in which s = 8, v = 4,
by = by = by = 1, and the starting point 6 and step difference d of control points are
selected as 2 and 0.3 respectively, leading to

P, = [(—1,0),(0,2), (1,1.7), (2, 1.4), (3, 1.1), (4,0.8), (5,0.5), (6,0.2), (7, —0.1), (8, 04),(9,0)];
P, =[(-1,0),(0,-0.4),(1,2),(2,1.7),(3,1.4), (4,1.1), (5,0.8), (6,0.5),(7,0.2), (8, —0.1), (9, 0);
P, = [(—1,0), (0, —0.1), (1, —0.4), (2,2), (3, 1.7), (4, 1.4), (5, 1.1), (6,0.8), (7, 5),(8 0.2), (9,0)];
P, = [(—1,0),(0,0.2), (1, —0.1), (2, —0.4), (3,2), (4, 1.7), (5, 1.4), (6, 1.1), (7, 0.8), (8,0.5), (9, 0)];

The corresponding variations of ¢; and @3 are shown in Figure 3.1.

5 T T T T T T T T T

-1 0 1 2 3 4 5 6 7 8 9
Figure 3.1: An Example of Bézier Series
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Remark 2 For each basis function, the number of control points and the location of control
points can be selected thus explaining the flexibility resulting from the use of this basis
function. The selection of basis functions depends on the specific process data. Since lagged
number s is generally not known in advance, it is necessary to estimate the distribution
with different basis functions and varying control points, to choose the best among them.

Properties of Different Basis Functions for High-Order Interpolation

High-order interpolants are essential in various scientific and engineering applications, and
their properties can significantly impact the accuracy and stability of the interpolation
process. This subsection explores the distinct properties of stability associated with three
commonly used basis function types: polynomial basis functions, Gaussian basis functions,
and Bézier basis functions.

e Local vs. Global Support:
— Polynomial basis functions exhibit global support, meaning they exert influence
across the entire interpolation domain.

— Gaussian basis functions primarily possess local support, affecting only neigh-
boring data points.

— Bézier basis functions provide local control, influencing regions defined by their
control points.
e Control and Precision:
— Polynomial basis functions offer fine control over interpolation but can exhibit
oscillations and susceptibility to Runge’s phenomenon [59] for high orders.

— Gaussian basis functions enable natural control over local data patterns, making
them suitable for capturing complex local structures.

— Bézier basis functions are intuitive for shaping and controlling interpolation but
may not guarantee global smoothness.
e Smoothness:
— The smoothness of polynomial interpolants depends on the polynomial order,
with higher orders potentially leading to less smooth interpolations.

— Gaussian basis functions generally yield smoother interpolants, particularly when
neighboring functions overlap appropriately.

— Bézier interpolants can achieve smoothness through control point adjustments
but may not ensure global smoothness.

e Conditioning:

— Interpolation matrices for high-degree polynomials can be ill-conditioned, intro-
ducing numerical instability.
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— Gaussian basis functions often yield well-conditioned interpolation problems,
enhancing numerical stability.

— Bézier interpolation matrices tend to be well-conditioned, promoting numerical
stability.

e Computational Efficiency:

— Computational cost increases significantly for high-order polynomial interpola-
tions.

— Gaussian basis functions may necessitate specialized techniques like radial basis
function (RBF) interpolation, which can be efficient but may require careful
parameter tuning.

— Bézier interpolation is computationally efficient and straightforward for low to
moderate orders.

In summary, the selection of basis functions for high-order interpolation should align
with the specific requirements of the problem at hand. Polynomial basis functions offer ver-
satility but may suffer from stability concerns at high orders. Gaussian basis functions and
Bézier basis functions provide alternative options with distinct characteristics, including
local control and smoothness. Thus, the choice should be guided by the inherent properties
of the data and the desired characteristics of the interpolant of each basis function.

3.5 The DWPLS Algorithm

In DWPLS, each weighting parameter 3, in Eq. (3.7) is modeled by a weighted sum of
basis functions, which is able to be arranged into a matrix form as follows

B=®&"b (3.17)

in which ¢(z) € RY = [¢1(2), ¢2(2), -+, ¢,(2)]" and @ € R = [9(0), (1), - -+ , p(5)].
Thus, the objective of DWPLS can be expressed as

max q'Y,Z(®"b)® w]
Wb . (3.18)
st [lal =1, [[@ bl =1, [w]|=1

where the symbols share the same meanings as in Eq. (3.7), and their denotations are
provided here again for better readability.

Zs S RNX(S+1)m - [XS7XS—17 e 7X0]

Ys S RNXP = [y57YS+17 U ays-l—N]T (319)
X’i GRNXWL: [X,L"Xi+1,"' ,XZ‘+N:|T (7/:071’ ,S)
X; € RV*™ = [x;,Xi41, -+, Xiyn]! (i = 0,1,--+,5) is a subset of process matrix X €

R™™ & is the Kronecker product, and s is the dynamic order.
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It is noted that both auto-correlation and cross-correlation are extracted with Eq.

(3.18).

Lagrange multipliers A,, A\, and A, are employed to solve the objective in Eq. (3.18)
as follows.

L= qTYZZS[(QTb)G@w}+%)\q(1—qTq)—l—%>\w(1—WTW)+%)\Q(1—(<I>Tb)T(<I>Tb)) (3.20)

For Kronecker product, there exists the following relations
(I,ow)(®'b)=[(@ b)@I,]w=[®b)®w] (3.21)

where I represents an identity matrix and its subscript represents the dimension.

Taking derivatives of £ with respective to q, b and w and setting them as zero lead to

g—ﬁ =Y!ZJ(®"b)@w] —\q=0 (3.22)
oL T T T

5w = (@'D) L2 Y q = Ayw =0 (3.23)
g—ﬁ =®(I,ow)'Z/Y,q— \®2 b=0 (3.24)

As shown in the above equations, the explicit expressions of q, w and b cannot be
derived. Thus an iterative approach is adopted to solve the problem as follows.

(1) Initialize b as a random vector, and normalize it by b =b/||® b|.

(2) Calculate q, w and b with the respective equations until convergence is achieved.

a=Y> ¢(z)'bX,.w, q=q/|ql];

z=0
w = Zcb )'bX, .Y.q, w=w/|w];

Form TS = [Xw X,ow - Xowl;
b=(®®")'®T]Y.q, b=b/||®b|.

(3) Calculate
J=q'Y!ZJ(®"b)®w]

=q'Y] ) ¢(z)'bX, .w

z2=0
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After extracting the outer modeling relations, the latent scores t and u of the process
and quality data are calculated by
_ T _
u= |y u - ugn| =Yq
t=[toty - tern] = Xw
And the corresponding u, = [ug usy -+ usyn] and t; = [t; tiyr -+ tipy]' for X; and
Y, can be represented as

3.25
Us = qu ( )

where 1 =0,1,--- ,s.

To model the dynamics consistently in outer and inner models, the following linear
dynamic regression between output scores and input scores is developed for DWPLS

u, = ooty + agte_1 + - + agty +ry (3.26)
where ry is the modeling error of the linear dynamic regression. The modeling parameters
a=[aga; -+ ] can be solved with ordinary least squares as follows

a=(T/T,) T u, (3.27)

where T = [ts ts_1 -+ to]. Thus, ug can be predicted by o and T

i, = T, (3.28)

With outer and inner modeling, one set of model parameters is extracted, and deflation
is conducted on X and Y, to remove their effect, which can be employed to extract the
other latent variables. The deflation step can be presented as

X =X—tp'

3.29
Ys = Ys - ﬁqu ( )

where p = X"t/t"t. Subsequent latent variables can then be extracted with the deflated
X and Y. The complete DWPLS algorithm is summarized in Algorithm 1.

With DWPLS, the predicted output y; at time k£ can be calculated from the new
process data [Xg, Xg—1," " , Xg_s)-
Yie = Qug (3.30)
where @, = aptp+orti_1+- - Fasti_s, ty = R'x,, R=W(PTW)"" P = [p,py,--- ,p/],
W = [wy,wy, -, W], Q =[q1,q2, - ,q, and G, can be obtained from T based on Eq.
(3.28).
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Algorithm 1 The DWPLS Algorithm

1: Initialize X and Y to unit variance and zero-mean.

2: Choose the expression of basis functions ¢;.

3: Set b as a random vector, normalize b by b/||®"b||, and set u, as the first column of
Y.

4: Choose model parameters with hold-out or cross-validation method.

5: Select the corresponding parameter points to calculate the weighted matrix ® in Eq.
(3.17).

6: for k=1tol do

7:  while u, has not converged do

8: w =", ¢(z) ' bX]_ u,, where ¢(z)=[¢1(2), -+ ,¢,(2)]", and normalize w by

w = w/wl;

9: t = Xw, and form Ty = [t; t,_1 --- to], where t,_, (2 = 0,1,---,s) can be
obtained with Eq. (3.25) ;

10: a=Y/ > ,¢(z)"bt,_., and normalize q by q = q/||q;

11: u, = Y,q;

12: b= (®®") '®T/u,, and normalize b by b/||® b|;

13:  end while
14:  Solve e in the inner model by a = (T T,) 1T/ u,;
15:  Calculate the predicted output scores uy, = T x;

~ T
16:  Deflate X and Y, by X =X —tp" and Y, =Y, — 0,q", where p = L.
17: end for

3.6 Process and Quality Monitoring with DWPLS

DWPLS decomposes the input space into the dynamic principal subspace and the residual
subspace. The variations in the dynamic principal subspace are related to the output,
while the information contained in the residual subspace is quality-irrelevant.

Mathematically, the input sample x; is decomposed by DWPLS into X, in the dynamic
principal subspace and X, in the residual subspace.

Xp = Xi + Xp (331)

where X, = PR"x; = Pt; and %, = (I — PRT)x;.

Assuming that the normal data follows a Gaussian distribution, the principal compo-
nent subspace can be monitored with 72 index through t;, while @) index can be employed
to detect anomalies in the residual subspace [74]. The T? index is defined as

T? =t A 't, = x, RAT'Rx,, (3.32)

1

where A = i TTT, and it contains the main eigenvalues of the training data. 7

N+s+1)—1
can be approximated by an F' distribution with [ and N — [ degrees of freedom as follows
N(N —=1), ,
——— T~ F N a 3.33
I(N2—1) PN (3:33)
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For a given significance level «, the corresponding control limit 77 of T2 be obtained by

, (N +1)2-1)
T = N (v 1) g e

(3.34)

Then if the T2 index is below the control limit, the sample is regarded as normal; otherwise,
the sample is faulty.

On the other hand, @) index is designed to detect the faults which are irrelevant to the
output, and it can be calculated with xy.

Q=|%/?*=x,I-PR")'(I-PR")x, (3.35)
Jackson and Mudholkar |75] proposed a method to calculate the upper control limit 6%
for () index, which is
20,122 Ouho(ho — 1))
52 — g [ Cax/2efy |y Behollto — 1) (3.36)
9]_ 91

where

;=Y XN, i=123
j=l+1 (3.37)
20,65
ho=1-— 212
0 362

and ¢, is the normal deviate related with confidence level. If the () index of the sample
Xy, is smaller than §2, it is considered as normal; otherwise, a quality-irrelevant fault is
detected with confidence level (1 — a) x 100%.

3.7 Case Studies

3.7.1 Case Study on TEP

The Tennessee Eastman process (TEP) [54] is a benchmark process designed by Fastman
Chemical company which reflects many typical characteristics of controlled chemical pro-
cesses, and it can be used to evaluate various process monitoring and control technologies.
The following reactions occur in the process.

A(g) + C(g) + D(g) — G(liq)
A(g) + C(g) + E(g) — H(liq)
A(g) + E(g) — F(liq)

3D(g) — 2F(liq)



where two liquid products G and H and a liquid byproduct F are produced by four gas
reactants A, C, D and E, and B is an inert. The diagram and details of TEP are described
in Downs and Vogel’s work [51].

In the following subsections, TEP is employed to demonstrate the modeling and mon-
itoring performance of the proposed DWPLS model.

Modelling Performance Comparison

The available data of TEP can be separated into two blocks, which are 12 manipulated
variables XMV (1-12) and 41 measurements XMEAS(1-41). In this case study, 11 manip-
ulated variables XMV(1-11) and 22 measurements XMEAS(1-22) are selected as process
variables, which are sampled every 3 minutes. XMEAS(38) is used as a quality variable,
and it is sampled every 15 minutes. In the original data, due to the low sampling rate,
XMEAS(38) is repeated five times to match the sampling rates of process variables. Thus,
for a fair comparison, only 1/5 of the data points are used as training data in our work.

Table 3.1: Selected Model Parameters for TEP

Algorithm [ s ~ Parameter Points

DiPLS 2 7 - -

DWPLSp 2 2 2 z=[—1;0.33;1.67:3]"

DWPLSgs 2 2 2 p—[0.5:1.5]; 2=[0.67;1]
Pl*[(_lao);(072>;( 71 )7(2718)7 (370)]:

DWPLSee 22 2 'p, [(1,0);(0,1.8):(1,2);(2.0.9); (3.0)]

Table 3.2: MSEs of Different Models for TEP
DiPLS DWPLSpg DWPLScg DWPLSgp
MSEs 0.682 0.6182 0.6239 0.6212

The modeling performance of DiPLS, DWPLSpg, DWPLSgcg and DWPLSgg, where
the latter three refer to Polynomial, Gaussian basis and Bézier basis functions respectively,
are compared in this subsection. The parameter points, lag number and number of latent
variables of each algorithm are selected through the hold-out method, which is summarized
in Table 3.1. The details of the selected basis functions and the first two constructed latent
variables are plotted in Figure 3.2 for DWPLSpg, DWPLSqg and DWPLSgg respectively.
Their mean squared errors (MSEs) are presented in Table 3.2. As shown in the table, DW-
PLS obtains better prediction performance than DiPLS. Among the variants of DWPLS,
DWPLSpg achieves the best performance, and its prediction is shown in Figure 3.3. While
the variations in the actual process seem very noisy, the variations generated by using the
Gaussian basis functions are relatively simplistic. Regarding the use of Bézier bases, the
number of control points will influence the flexibility of their shape, and its performance
is constrained by the small value of s. Compared with the previous two bases, polynomial
bases are more flexible thus providing the best modeling performance in this case.
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(c) Bézier Series
Figure 3.2: Selected Series and Weight Variations of the First Two Latent Variables for
TEP

Influence of Parameter Points

Since polynomial basis functions and Bézier basis functions are more flexible and their
modeling power is better than Gaussian basis functions, we use them as an example to
explore how parameter points influence the modeling performance of DWPLS.

The weighted parameters b of DWPLSpg are determined by the parameter points in
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Figure 3.3: Prediction Performance of DWPLSpg for TEP

z. Thus, the selection of the parameter points is very important. Several distributions are
tested in this case study, such as distributing them evenly, closer to —1, and closer to s+ 1.
The details of how the distribution of z affects the modeling performance are shown in
Table 3.3. As observed from the table, distributing z evenly leads to the best performance
of DWPLSPB

As discussed in previous sections, the control points of DWPLSgg are determined by
their abscissas and ordinates. Different step differences of ordinates between two neighbor-
ing points are tested in this case study, and the details are shown in Table 3.4. The results
from the table show that DWPLSgg performs better when the step difference of ordinates
between two neighboring control points is small.

Table 3.3: The Effect of Parameter Points of DWPLSpp on Prediction Performance

Distribute z Il s ~ Parameter Points MSEs
more close to —1 2 2 2 2z=[-1;-0.33;0.33;3] 0.7146
evenly 2 2 2 z—[-1;0.33;1.67;3] 0.6182

more closetos+1 2 2 2 2z=[-1;1.67;2.33;3] 0.6338

Monitoring Performance on TEP

Since DWPLSpg performs best in terms of modeling, it is adopted in this subsection to
illustrate the monitoring performance.

15 known disturbances in TEP are tested in this case study [51|. Based on the PCA-
based quality monitoring method, the 15 disturbances can be divided into two subgroups:
quality-related faults and quality-irrelevant disturbances. The threshold is selected as
15%: if the proportion of faulty samples exceeds 15%, the disturbance is regarded as
quality relevant one; otherwise, it is quality irrelevant. The separation result and their
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Table 3.4: The Effect of Control Points of DWPLSgg on Prediction Performance

d [ s v Parameter Points MSEs
Py —[(-1,0):(0,2);(1,1.9);(2,1.8); (3,0)];

01 22 2 PQ[[((-l,O));((O,l). ();(1,2));((2,1.9));((3,0))]] 0.6212
P,=|(-1,0);(0,2);(1,1.3);(2,0.6); (3,0)];

07 2 2 2 R0 ) (G0 00T
Py —[(-1,0):(0,2):(1,1.1)(2,0.2): (3,0)];

09 2 2 2 p00s 12 01 (o) 06
P,=|(-1,0);(0,2);(1,0.9);(2,-0.2); (3,0)|;

L2 22 P2{2-1,03;50,-3.5),(1,2))5( ,0.93; 53,03}; 0-6323

Table 3.5: FDRs and FARs for Quality-Relevant Faults with DiPLS and DWPLSpg

Fault Type FDRs(DiPLS) FDRs(DWPLSpg) FARs(DiPLS) FARs(DWPLSpg)
IDV(1) 91.78 86.3 66.67 69.23
IDV(2) 96.3 100 76.69 74.23
IDV(5) 77.27 70.45 8.22 13.01
IDV(6) 100 100 17.95 17.95
IDV(7) 91.55 83.1 39.5 26.89
IDV(8) 85.04 85.83 41.27 49.21
IDV(10) 58.9 67.12 29.06 28.21
IDV(12) 88.55 92.37 44.07 45.76
IDV(13) 96.6 97.96 13.95 18.6
Average 87.33 88.01 37.49 38.12

Table 3.6: FARs for Quality-Irrelevant Disturbances with DiPLS and DWPLSpg

corresponding fault detection rates (FDRs) and false alarm rates (FARs) of DWPLSpp and
DiPLS are summarized in Table 3.5 and Table 3.6. As shown from the tables, DWPLSpg
achieves comparable monitoring results with DiPLS, with slightly better fault detection

rates.

For better visualization, IDV(5) and IDV(9) are chosen as examples to further illustrate
the monitoring performance of DWPLSpg. The monitoring results are presented in Figure
3.4, where for each disturbance, the top plot shows the quality monitoring results by
performing PCA on the quality data, and the bottom two plots are the monitoring results
obtained with DWPLSpg. IDV(5) introduces a step change in condenser cooling water

Fault Type FARs(DiPLS) FARs(DWPLSpg)
IDV(0) 3.78 8.11
IDV(3) 9.32 9.32
IDV(4) 6.98 5.81
IDV(9) 6.75 9.2
IDV(11) 4.94 12.35
IDV/(14) 5.78 16.76
IDV(15) 4.71 9.41
Average 6.04 9.13

36



Quality Monitoring Quality Monitoring
T T T T

250 20
_TZ _TZ
2000 - ---Control Limit| | - - - - Control Limit
15r 1
150
2
100
50+
() emmmm s g VM= A= A - AMass s src sz zh- Ao - Aoz - -
0 20 40 60 80 100 120 140 160 180 200 0 50 100 150 200
Sample index Sample index
200 20
_T2 _TZ
- - - - Control Limit - - - -Control Limit
150 - 15F
1001 ‘& 10
50 5r
0 WA 0 L L L
100 150 200 0 50 100 150 200
Sample index Sample index
350 T : T 70 T
—Q —Q
300 - ---Control Limit | 60 - |- - - - Control Limit
50 - ‘
ol bt I
o y !
301
201
10
0 . . \ 0 . . .
0 50 100 150 200 0 50 100 150 200
Sample index Sample index
(a) IDV(5) (b) IDV/(9)

Figure 3.4: Fault Detection Results with DWPLSpg

inlet temperature, and as shown in the quality monitoring results of IDV(5) in the top
plot of Figure 3.4a, the disturbance will affect quality variable XMEAS(38) transiently.
DWPLSpg based quality relevant monitoring successfully captures the trend and identifies
it as a transient quality-relevant fault case.

IDV(9) is a random disturbance to D feed temperature in Stream 2 [51], and as shown
in the top plot of Figure 3.4b, this disturbance will not affect quality variables in most
cases. The monitoring results of DWPLSpg match well with the quality monitoring results
of PCA.
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3.7.2 Case Study on A Distillation Process

In this case study, data collected from a distillation process is employed to compare the
performance of DiPLS and DWPLS further [23]. Figure 3.5 is the sketch of the process, and
three key distillation columns are involved, which are the primary column, feed column,
and secondary column. Since the primary column is of higher importance than the other
two columns, the 22 variables in the primary column are selected as the input, and the
make/reflux ratio is the output in our comparison.

Estimating impurity levels . Objective: Identify key variables
atthe outletlof the primary that affect impurity levels measured
T at the primary column outlet

- Primary

From Secondary E
- Column

Column

Three key distillation
columns: Primary
Column, Feed Column,
Secondary Column

From L

Reactor

> Primary Column unit is
controlled based on
reflux to feed ratio

oilel

I Secondary
+ Column

boil
o 9 To Primary
Column

Figure 3.5: Block Diagram of the Distillation Process

v

o e

DiPLS, DWPLSpg, DWPLSqg and DWPLSgg are applied on the collected dataset, and
the selected parameters and their prediction performance in terms of MSEs are summarized
in Table 3.7. As shown in the table, all variants of DWPLS have better performance than
DiPLS with smaller MSEs, with DWPLSpg performing the best, which is consistent with
the observations from the TEP case study. The prediction performance of DWPLSpy is
shown in Figure 3.6. Different from the case study of TEP, DWPLSqg performs better than
DWPLSgg in this case. This difference shows that different kinds of basis functions will
match the properties of different data/processes. Thus, as stated in Remark 2, different
basis functions should be tested to estimate the distribution of the data, to choose the
optimal one.

Table 3.7: MSEs of Different Models for the Distillation Process
Algorithm [ s v MSEs

DiPLS 15 25 - 0.2496
DWPLSpg 15 14 2 0.2345
DWPLSgg 15 14 2 0.2353
DWPLSgg 15 15 5 0.2417
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Figure 3.6: Prediction Performance of DWPLSpg for the Distillation Process

3.8 Summary

In this chapter, a dynamic weighted PLS is proposed to capture the dynamic relations
between process variables and quality variables. Since DWPLS models the weight param-
eters with basis functions such as polynomial, Gaussian, and Bézier bases, it can handle
the redundancy in successive samples and achieves better modeling performance which is
demonstrated through the Tennessee Eastman process and a distillation process. DWPLS-
based quality-relevant monitoring scheme is also developed, whose comparable detection
performance relative to DiPLS is illustrated through the Tennessee Eastman process. Based
on the properties of DWPLS it will be more sensitive to the quality-relevant dynamic rela-
tions existing in the process. Thus, it performs better for the obvious quality-relevant faults
but it demonstrates comparatively diminished proficiency in detecting faults of a subtler
nature, where the quality-related implications are less overt. The selection of parameter
points for different bases and their effects are also demonstrated in this work.
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Chapter 4

Dynamic Auto-Regressive Latent
Variable Models

4.1 Overview

! To fully exploit the auto-correlations among quality variables, a novel dynamic auto-
regressive latent variable model (DALVM) is proposed for capturing both auto and cross-
correlations from high-dimensional time series data. DALVM is designed to maximize the
covariance between the current quality score and the weighted sum of past quality and
process scores, and an auto-regressive exogenous inner model is developed for consistency
purposes. Furthermore, a concurrent anomaly detection system is developed based on
DALVM, referred to as ConDALVM, which conducts subsequent decompositions in the
extracted latent spaces. ConDALVM realizes comprehensive monitoring for both static
and dynamic anomalies in process and quality spaces. The superiority of the proposed
methods is demonstrated through a numerical simulation and two industrial case studies.

4.2 Introduction

Over past decades, supervised learning algorithms play an important role when quality
data are difficult to obtain in a timely manner[28, 10, 66]. Among them, considering the
high-dimensional and highly auto and cross-correlated characteristics of industrial data,
multivariate statistical analysis methods are widely studied and applied in the process
systems engineering community due to their additional ability of dimension reduction.
The capability of these techniques in improving operating safety and production efficiency
[63, 69, 216] has been shown in different studies. Some traditional multivariate methods
include partial least squares (PLS) [63], latent variable regression (LVR) [17], and canonical
correlation analysis (CCA) [158].

! Adapted from Xu, Bo, & Zhu, Q. (2021). Concurrent auto-regressive latent variable model for dynamic
anomaly detection. Journal of Process Control, 108, 1-11
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PLS extracts the latent structure by maximizing the covariance between process and
quality latent scores. Li et al. [95] explored the geometric properties of PLS to perform
quality-relevant and quality-irrelevant monitoring. Since the latent scores extracted by PLS
still contain quality-irrelevant variations, the variance of the residuals may be very large
thus leading to inaccurate fault detection. To overcome this issue, corresponding total and
concurrent monitoring strategies were proposed to decompose process spaces into quality
relevant and irrelevant sub-spaces to achieve more accurate monitoring performance [214,

, 57, , |. It is noted that input/output variables and process/quality variables
are used interchangeably in this paper.

Latent variable models rely on an implicit assumption that only static relations exist
in the data. However, for real-world industrial processes, the dynamic relations involved
in process and quality variables will reduce the credibility and efficiency of these models.
Therefore, dynamic extensions were proposed to deal with dynamic systems. Qin and
McAvoy [131] and Ricker [137] applied the augmentation method in which the input matrix
is combined with a number of lagged values of quality and process variables. However, these
methods pay no attention to the structure of the model, and they cannot capture well the
dynamic relations well and increase the computation cost unnecessarily.

Alternatively, Qin and McAvoy [130] implemented a neural network to build a dynamic
inner model. Lakshminarayanan et al. [38]| introduced time series models between pro-
cess and quality latent variables to build the dynamic inner model. Then Li et al. [9]
proposed a novel dynamic PLS to maximize the covariance between the quality score and
the weighted lagged process scores. Dong and Qin [51] achieved improved modeling per-
formance by designing consistent dynamic inner and outer models, which is referred to
as dynamic inner PLS (DiPLS). An auto-regressive model was also introduced in their
models, but the time lags in process and quality scores were constrained to be the same,
leading to the degeneration of modeling performance. Dynamic versions of CCA and LVR
[224, 19] were also proposed. For example, a dynamic weighted PLS was developed in the
current thesis to improve dynamic modeling by addressing redundant information caused
by high sampling rates in [133].

In addition to the aforementioned statistical methods, other supervised machine learn-
ing methods such as support vector machines (SVM) and k-nearest neighbor (KNN) are
also adapted in the process systems engineering field [162, |. Through training samples,
SVM maximizes the width of the gap between two different kinds of samples, and thus
it is widely applied for anomaly detection. Manghnani and Thirumaran [160] improved
SVM with a crossover-based binary gravitational search method. Furthermore, to con-
sider the dynamic relations between industrial data, non-linear extensions of SVMs are
proposed. To classify non-linear data, several kinds of kernel functions are used in SVM,
including polynomial kernel, Radial Basis Function kernel, Sigmoid kernel, and Gaussian
kernel [213, , , |.

KNN can also be used for classification and regression, and several variants were pro-
posed to improve its modeling performance. To utilize the local class distribution infor-
mation, it is assumed that some samples contain more important information than other
samples. Accordingly, a weighting strategy was proposed for KNN that assigns different
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weights to each local class [55]. Local information-based KNN and global information-based
KNN have been proposed to fully exploit the information in the collected data [152, 27].

Due to the great potential of neural networks, they are also widely used and adopted
for supervised nonlinear and dynamic modeling. For solving certain real-world problems,
deep neural networks (DNNs) have exhibited great performance in many fields [92].Several
DNN architectures have been proposed, such as stacking automatic encoders, convolution
neural networks, deep probabilistic neural networks, and deep fuzzy neural networks [97,

, 29, 15]. However, due to their complex architecture, the interpretability of DNNs is
generally poor which reduces their reliability in industrial practice [53].

To ensure the models’ interpretability and improve their reliability, we will focus in
this work on the improvement of multivariate statistical methods. Since auto-correlations
between the current and past quality scores still remain unexploited in multivariate meth-
ods, they will be used for improving the modeling and monitoring performance [219]. In
this chapter, we propose a novel dynamic auto-regressive latent variable model (DALVM)
to capture the dynamics of quality variables with both the past process samples and the
past quality samples. In the outer model, DALVM maximizes the covariance of the quality
score and the weighted combination of both past process and quality scores. To align with
the dynamic outer model, an auto-regressive exogenous (ARX) model is designed in the
inner model to predict the quality scores. Further, to achieve comprehensive static and dy-
namic monitoring of controlled processes, a concurrent DALVM (ConDALVM) monitoring
system is proposed to conduct further decompositions on the extracted latent subspaces.
The corresponding monitoring indices are defined for each decomposed subspace, with each
serving a particular purpose. A numerical toy example simulation, the Tennessee Eastman
process (TEP), and the three-phase flow facility (TPFF) are used to illustrate the efficacy
of the proposed algorithm.

The remainder of this chapter is organized as follows. The preliminaries of static PLS
and DiPLS are briefly reviewed in Section 4.3. Section 4.4 proposes the dynamic auto-
regressive latent variable model and the concurrent DALVM for comprehensive temporal
modeling and monitoring. A numerical simulation and two industrial processes are used
to verify the superiority of the proposed algorithms in Section 4.5. Finally, Section 4.6
concludes this chapter.

4.3 Preliminaries

4.3.1 Partial Least Squares

Wold et al. [175] firstly proposed PLS to extract the static relations of the process and
quality scores by maximizing the covariance between latent variables. Assume that X €
R™™ and Y € R"*? are the input and output data respectively, where m and ¢ are the
number of process and quality, and n is the number of samples. Then the objective of PLS
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max J=q'Y'Xw
LW (4.1)
st [lwll =1, ][ql] =1

where w and q are the process and quality weighting vectors respectively, t = Xw is the
latent score vector of process variables and u = Yq is the score vector for quality variables.

Then a linear regression model is constructed between quality and process scores in the
inner model by
u="bt+r (4.2)

where r is the regression error. With iterative procedure, X and Y can be decomposed as

X=TP" +E

Y =TBQ' +F (4:3)

where T € RnXl = [t1>t27 U 7tl]7 P e Rle = [pbp?a U 7pl]7 Q S Rle = [Q17Q2> U aql]a
B = diag[by, by, - -+ , by], [ is the number of latent variables and E and F are the residuals
of process and quality variables respectively.

In online modeling, quality variables y can be predicted from a new sample x by
¥y =QR'x (4.4)

where R € R™! = W(PTW)~! |11, 43].

4.3.2 Dynamic-Inner Partial Least Squares

The traditional PLS only extracts static relations between X and Y, and it is not suitable
for real-world dynamic industrial processes. Qin et al. [127] summarized the dynamic
variants of PLS, and among these methods, DiPLS obtains better modeling performance
because of it has a consistent formulation for dynamic outer and inner models [51].The
objective of its outer model is

max q' Y Z,[8® w]
LW (4.5)
st flall =1, 18] =1, [wl]| =1

where
Z, € RVCTD™ = X, Xy, X
Y, € RYP = [y, yorr, - Ysrn] (4.6)
BeR™ =By, B, B
X; € RV™ =[xy X1, ,Xiqn| ' (i=0,1,---,8), ® is the Kronecker product, and s is

the dynamic order. To align with the denotations in Eq. (4.1), we have n = N + s + 1.
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The consistent dynamic inner model of DiPLS is

up = Botr + Pitk—1 + -+ Bsths + 1% (4.7)

where 7}, is the regression error, and #;, = x] w and u; =y, q are the principal component

projection of x; and yj respectively, w and q have the same meaning as in Eq. (4.1).
Consistency is ensured by including the effect of the coefficients of the inner model into
the objective function used for teh calculation of the outer model.

Deflation should be performed on X and Y, for the extraction of next sets of latent
variables. After the decomposition of DiPLS, the prediction of quality variations is obtained
by

where 11, is obtained from t based on dynamic inner modeling. Additional details about
DiPLS can be found in [51].

4.3.3 DiPLS-based Monitoring

After performing DiPLS algorithm, the input space is decomposed into a dynamic principal
subspace and a residual subspace. In online modeling, given a new collected sample x, it
can be decomposed as [17]

X = }A(k + f(]c
}A(k = ].:)].:{,TX],C = Ptk
%, = (I-PR")x;

where X contains the most quality relevant information and X; contains the information
which is not relevant with quality variables.

It is assumed that the information in the dynamic principal subspace is related to quality
variables and the quality-irrelevant variations are contained in the residual subspace. Then
T? index can be defined as T? = t] A"'t; and @ index is designed as Q = ||XZ|. T2 and
() together with their control limits define the monitoring framework for DiPLS [74].

4.4 Methodology

4.4.1 Problem Statement and Motivation

In real-world industries, product quality is of key importance. However, quality-related
variables are often difficult to measure directly online and/or they cannot be measured in
a timely manner. On the other hand, supervised machine learning algorithms are widely
adopted to predict quality variables. However, since most collected industrial data are
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dynamic and thus are in the form of high-dimensional and highly correlated time series,
the traditional static methods such as PLS can not extract their dynamics accurately.
DiPLS considers the dynamic cross relations between process and quality variables, and it
can model the system dynamics to some extent. However, one issue involved in DiPLS is
that the collected quality information is not fully exploited as shown in Eq. (4.7), which
can provide extra valuable information once they are available. Thus, in addition to the
dynamic relations between process and quality scores, the valuable auto-regressive rela-
tions among quality data should also be considered for obtaining more accurate modeling
performance.

up = Botr  +Pitk—1 + ...+ Bsti—s

4.
+51uk,1 + ...+ 5duk,d + 7 ( 9>

where 5; (1 =0,1,...,s) and ¢; (j = 1,...,d) are weighted parameters. s and d are the
dynamics order for process and quality variables respectively, and where g = max(s,d). It
is noted that different lag numbers are adopted to account for different dynamics in process
and quality variables. Based on Eq. (4.9), quality score 4y, is predicted by

s d
n =) B w+ Y 5yi_a
i=0 j=1

= [ngngla s 7X;fs] (ﬁ ® W)

+ Vit Yid (6 ®q) (4.10)

where B € R** =[5y, 51, . ... ,BS]T and § € R? =[5y, 0y, ... ,5d]T.

Eq. (4.10) describes the dynamic relations for a single quality score. To generalize
this relation for the whole dataset {x;}1 ™" and {y,}1" """, the following matrices are
defined,

Z, € RV*CHIm — X X, 1,0, Xy ]
Z, RV =Y, ||V, 5., Y, 4
Xi c RNXm = I:Xi,xfiJrl, Ce 7XZ'+N]T ,i = {O, 1, Ce ,g}

Yi € RNX(] = [yi7y75+17"'7Yi+N]T7i = {07177g}

The corresponding process and quality scores can be expressed by the above matrices
by t; = X;w and u; = Y;q (i = {0,1,...,¢9}). Then Eq. (4.10) can be formulated into
the following matrix form:

u, =%, (Bow)+7Z,(6 ®q) (4.11)

By involving past and current information about process and quality variables, Eq. (4.11)
fully exploits the dynamic information in the collected data.
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Algorithm 2 The DALVM Algorithm

1. Initialization: Transform the columns of X and Y into zero mean and unit variance,
select the first column of Y as u, and initialize 3 and § as unit random vectors.

2. Dynamic outer modeling: Based on the outer structure of DALVM and Eqs. (4.14) -
(4.17), iterate the following operations to obtain the parameters in the outer model
until convergence is achieved.

L Xg=>" 00X, Y5 = Zle 0;Y i, and form Uy = [uy_1,uy-9,...,0y_4);

ii. w=Xgzu,, w=w/|wl;

iii. t = Xw, and construct Ty = [t,,t,—1,...,t,—s);
iv. =Y, T,8+Y,Usd +Y u, q=q/|ql;
v. u, = Y,q;

vi. B="T!u,, B8=23/8l;
vii. 8 = Uju,, 6 = 4/|4].

3. Dynamic inner modeling: Perform ARX on Eq. (4.19) to obtain the inner model
parameters o and <, and calculate u, = Tya + Ugry.

4. Deflation: Deflate X and Y by
X = X—tp'

o ~ T
YO:g—l — YO:g—l_uo:g—lq

o AT
Yo, = Y,—1u,c

5. Repeat Step 2 - 4 until [ latent scores are extracted, where [ is determined by cross-
validation.

4.4.2 Dynamic Auto-Regressive Latent Variable Model

To obtain the weights and latent variables in Eq. (4.11), a dynamic auto-regressive latent
variable model (DALVM) is proposed in this subsection. DALVM aims to maximize the
covariance between 1, and u,, according to the following optimization problem:

max J=q'Y, [Z;(B@W)+Z, (6 ®q)] (4.12)
w’q7 )

st wl=1, [l =1, (I8 =1, 4]/ =1

Remark 3 If d =0, DALVM reduces DiPLS, and if s =0, DALVM becomes a pure ARX
model. If both s and d are 0, DALVM is simplified as a static PLS.
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To obtain the model parameters in Eq. (4.12), the following equation is constructed
with the Lagrange multipliers A, A\, Ag and ); in the dynamic outer modeling.

L=q'Y, [Z,(B®W)+Z,(§ ®q)

Ao A
+5 (- w'w) + 7‘1 (1-q'q) (4.13)
A3
+2(1—ﬂ B) + (1—5T5)
Given the constraints in Eq. (4.12), differentiating £ with respect to w, q, 8 and é and

setting them to zero lead to

axY,T,B+Y,Usd+YJu; q=aq/|d] (
w o Xu,; w=w/|w| (4.15
BxTlu,; B=0/8 (
5 Uluy, 6=06/]9] (

where the Kronecker relations Bow = (I, @ w) 8= (B®1I,)wand d®q= (I,®q)d =
(6 ®1,) q are employed. Xz, Ty, Y5 and U, are defined as
X =7, (B®]1,) Zﬁl g-i

TSEZI (IS+1®W) = [t tg 17...,tg_5]
Y5 =7,(6®1) Zaygz

U=2,1,®q) = [ug_l, U9, ..., Uy g

Thus, Egs. (5.17) - (4.17) define the outer structure of DALVM.

To ensure consistency of the outer and inner models, an auto-regressive exogenous
model is constructed in inner model to capture dynamic relations among uy, Ty and Uy,

u, =T,a+Ugy+r, (4.18)

where a = [ap, a, ... ,as]T, v = 7,7, -- ,Vd]T, and r, is the modeling error. Based
on the structure of the inner model, an ARX model is used to estimate a and ~. The
mathematical expression of the ARX model is [197]

y(t) =ay(t—1)+... +a,,y( —na)
+bu(t —ng) + ... +by,u(t —np —ng + 1)
+ e(t)

where y,u and e are discrete output, discrete input and model error respectively. n,
and ny, are the number of poles and zeros of model. n, is the number of input samples
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that occur before the input affects the output, also called the dead time in the system.
In DALVM, n, = 0, n, =d, ny = s,y =u,u==t, a = (1t = 1,1,...,d) and
bjt1 = a; (j = 0,1,...,d). Then the parameters a and =~ can be estimated by using
prediction error method [195].

After the parameters av and ~ are obtained, the prediction of u, can be calculated by

u, = Tya+ Uyy (4.19)

Afterward, deflation is performed on X and Y to remove the effect of the extracted
latent variables. X is deflated by

X:=X-tp' (4.20)

where p = X't /t"t.

The deflation of quality variables is divided into two parts, Yo.4—1 {yi}f;()l and

Y, = {yi}i.,. Similar to static PLS, it is straightforward to deflate Yo, as
Y019_1 = YO:g—l - 1th:g—qu (421)

"~ _ I T
where Up.g—1 = bto;gfl, and b = uo:gflt();g,l/to:gflto;g,l.

For Y, since ||Y, — G,c" || should be minimized, its deflation is
Y, =Y, —1q,c’ (4.22)

VT /AT
where ¢ = Y 0,/0, 4.

With iterative extraction, the auto and cross-temporal relations between X and Y can
be exploited. The details of DALVM algorithm are summarized in Algorithm 2.

4.4.3 Comprehensive Online Anomaly Detection

Quality-relevant dynamics relations are fully exploited in DALVM thus permitting detec-
tion of anomalies from high dimensional dynamic data. On the other hand, it is still
important to detect abnormal static variations in quality and process-related variables to
ensure full assessment of the process status. Therefore, in this subsection, a comprehen-

sive online static and dynamic anomaly detection system is designed based on concurrent
DALVM.

Concurrent Dynamic Auto-Regressive LVM

Inspired by CPLS [132], subsequent decompositions to the extracted latent structures
are proposed for DALVM, which is referred to as concurrent DALVM (ConDALVM). A
concurrent design has been previously reported for static processes but the decomposition
of the dynamic and auto-regressive variations has not been addressed in previous studies.
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In the proposed concurrent DALVM, both dynamic and static variations from process and
quality spaces are exploited, and based on these a monitoring scheme is developed for
comprehensive monitoring.

ConDALVM decomposes the data into several subspaces: (1) the dynamic process
latent scores extracted by DALVM are further decomposed by a singular value decompo-
sition (SVD) to construct a dynamic covariance subspace (DCVS); (2) the dynamic auto-
regressive quality subspace (DAQS) is constructed for the auto-regressive quality part;
(3) the remaining quality part is further separated into static quality principal subspace
(SQPS) and static quality residual subspace (SQRS) with a subsequent PCA decomposi-
tion; (4) the process variations are decomposed with DiPCA into dynamic process principal
subspace (DPPS), static process principal subspace (SPPS) and static process residual sub-
space (SPRS). For ease of understanding, a list of subspace abbreviations are summarized
in Table 4.1. The details of the variations in each subspace are summarized in Table 4.2,
and the detailed procedure of ConDALVM is as follows:

a. Perform DALVM on the scaled X and Y to obtain model parameters a, v, Q, C
and R.
b. The predictable quality variations ?g can be divided into two parts.

. (4.23)

{?W = [Z,(a®R)]CT
Yy, = [Zy (’7 ® Q)] o

where ng is the predictable output and ng is the auto-regressive quality part.

i Perform SVD on Yl,g to extract the dynamic relations that are predictable from
process variables.

Y,,=UD.V] =U.Q/ (4.24)

where Q. = V.D. and the non-zero sigular values in D, are allocated in a
descending order. Since V. is orthogonal, U, can be written as

U, :?gich_l = X.Re (425>

where X, =Z, (a®1I) =3 ,a;X,_; and R. = RC'V.D_!
ii The quality auto-regressive variations ng can be expressed as

A

Yy =[2,(v®Q)C' = IAJA/CT (4.26)
where ﬂv = [Z, (v ® Q)].

c. Perform PCA on the unpredictable output Y, =Y — ?zg — ng to separate large

variations from noise.
Y.=T,P, +Y, (4.27)
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d. Perform DiPCA on X to extract both static and dynamic process variations
X =T,.Pj, + T,,P., +E, (4.28)

where Td,xPlx is the dynamic component which can be predicted from the past pro-
cess scores, T S,xP;x is the static component, and E, represents the static residuals.

With ConDALVM, xy and yy are decomposed by

Xk :Pd,xtd,ax,k + Ps,xts,x,kz + €5z k

) ~ (4.29)
v =Qcu. + Cu, +P,t, +y
where
’Ed,:p,k = Z O, itosri (4.30)
i=1
ts,x,k :Ps,zex,k (431)
€5k = (I - Ps,xP;x) €.k (432)

are scores and residual vectors in DPPS, SPPS and SPRS respectively, where t;, » = Ryxy,
and e, = X — Pysta. s, and Py, Py, ©, and R, are DiPCA parameters [50].

Similarly, we calculate

u, = R/ %, (4.33)
d
u, = Z YiYe-iQ (4.34)
i=1
t, =P, y. (4.35)
y=1-P,P))¥. (4.36)

which are corresponding scores and residual vectors in DCVS, DAQS, SQPS and SQRS
sub-spaces respectively, where x, ; = Zf:o a; X, and y. = yr — Q.u. — Cu,.

Eqgs. (4.30)-(4.36) represent all the dynamic and static relations decomposed by Con-
DALVM.

Remark 4 For the subscripts in the above variables, k is the timestamp of the sample, d
and s denote dynamic and static variations separately, and x and y represent process and
quality vectors respectively.

Definition of Monitoring Indices

The combined index ¢, Hotelling’s 7?2 index and @ index are used in ConDALVM-based
monitoring scheme [71]. The scores and residuals given in Egs. (4.30)-(4.36) are employed
to detect anomalies in different subspaces.
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The dynamic quality-relevant scores u,. in Eq. (4.33) are orthonormalized with variance
matrix A., which is monitored by the T? statistic,

T? = x0  RA R, X (4.37)

u, in Eq. (4.29) are auto-regressive quality variations which can be predicted from past
quality variables Y,,, and its monitoring index Td%y is defined as

T;, =0 A 0, (4.38)

where Ay, is the variance of 0.

For the unpredictable quality principal components t, and residuals y., the correspond-
ing statistics are

T; =t, A, 't, (4.39)
Qy =l¥l” (4.40)

where A, is the variance of t,.

Table 4.1: Description of Subspace Abbreviations

Subspace Description

DCVS dynamic covariance subspace

DAQS dynamic auto-regressive quality subspace
SQPS  static quality principal subspace

SQRS  static quality residual subspace

DPPS  dynamic process principal subspace
SPPS  static process principal subspace
SPRS  static process residual subspace

Table 4.2: Fault Detection Indices for ConDALVM

Subspace Index Control Limits Properties
DCVS T? Xi,l quality; dynamic
DAQS Td%y Xizd’y quality; auto-regressive
SQPS T X(Q)z,ly quality; static
SQRS Qy gyxi’hy quality; residuals
DPPS d.z gdvxxi,hd,z process; dynamic
SPPS T2, Xivlsm process; static
SPRS Qs gs,:rXi,hs,x process; residuals
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Similarly, ¢4z, Tf}r and @), are used to monitor dynamic process-relevant variations,
static process-relevant variations and process residuals respectively, and are defined as
follows:

2
¢ —f;T & % _Td,z+Qd,m
dx —Vdzk*dxbdrk — "9 52
d,x d,x

Ts2,m :t;—,x,kA;;ts,x,k (442)

Qs,x :Hes,z,kHZ

(4.41)

PiaA P/,

Xda :
of t5 % In ®,4,, loading scores P, , is obtained by performing PCA-based monitoring on
taen- X7, and 87 , are the corresponding control limits calculated in PCA-based monitoring

[194].

I-P, P/ . . » . .
+ —5—%, A4, is the variance of ty, ., and A, is the variance
d,x

where ®,, =

Control Limits

The control limits for the aforementioned indices are designed based on |74, 22, ],
which are summarized in Table 4.2. In this Table [, l;,, [, and [, are the number of
latent variables for u., u,, y. and e, respectively, and gy, hy, Giz, Niz, Gse and hgy
are calculated based on [74, 22, | for SQRS, DPPS and SPRS respectively. In the
ConDALVM-based monitoring system the following rules are used:

L IfT? > qu,l’ a dynamic quality-relevant fault that can be predicted from process
variables is detected with (1 — a)) x 100% confidence.

2. If T7, > x2,, » an auto-regressive quality-relevant fault is detected with (1 — a) x
100% confidence.

3. If Ty2 > Xi,ly or @y, > gyxihy, an unpredictable static quality-relevant fault is detected
with (1 —a) x 100% confidence.

4. If ¢ae > gaaXop,,, & dynamic process-relevant disturbance is detected with (1 —
a) x 100% confidence.

5. T2, > X2, or Qsa > gseXap, ., @ static process-relevant disturbance is detected
with (1 —a) x 100% confidence.

6. If all monitoring indices are within thresholds, the sample is classified as normal.

Different alarming levels are attached for detected anomalies with quality-relevant in-
dices (7, T}, T, and Q,) being assigned a higher attention.

4.5 Experiments and Discussion

In this section, a toy example and two industrial processes are employed to illustrate the
modeling and monitoring effectiveness of the proposed DALVM and ConDALVM.
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4.5.1 Toy example

The following numerical scenario is generated [219].

tr = Aqtpr + Aotyo + fi

X, = Pty + e

ye = Cixp + Coxp1 + C3xp 2
+0.3yx—1 + 0.4yr_o + vi

(4.44)

where

0.677  0.581 0.932
A, = |[1281 -0534 -1.600
—1.508  0.999  0.753

0716  —0.065 1.119
A, =] 1113 —0537 —0.169
—0.557 —1.075 0.233
r0.577  0.286  0.1617 0.745 1.994 0.0317 |
0.366 0.046 0.906 0.493 0.773  0.057
P = [058 0465 0994|, C; = 0732 1.015 0.301
0.357 0.345 0.740 0474 1.156 0.631
L0.404 0.685 0.226. 0.565 1.231 0.983
r0.918 0623 05197 | 0.290 1.428 0.1297 |
0.018 1.128 0.105 0.576 1.393 0.911
C, = |0578 0407 0.786| ,Cs = |0.823 0.057 1.484
0429 0.441 0.594 1.148 1.037 0911
[0.081 1.128  0.504. 1.459  0.130  0.530

where the noises fi,, e, and v} follow the normal distribution as f, € R® ~ N(0,0.5?),
e € R® ~ N(0,0.5%) and v, € R® ~ N(0,0.5%), and the latent component t;, is generated
from tz; and tgo which follow the normal distribution as tz; € R? ~ A(0,22) and tg €
R3 ~ N(0,22). As shown in Eq. (4.44), dynamics exist in both X and Y, and Y is affected
by both past X and past Y. p

Table 4.3: MSEs of DALVM, DiPLS and PLS for Numerical Study

Model Y1 y2 y3

DALVM 0.0363 0.0356 0.0339
DiPLS 0.2412 0.2099 0.1608
PLS 1.0683 0.9157 1.0821

In this case study, 1200 samples are generated with Eq. (4.44), where the first 800
samples are selected to train the model, the next 200 samples are used to select the model
parameters by using cross-validation method, and the remaining 200 samples are selected
as testing data. The results of parameter selection are [ = 3 for PLS; [ = 3 and s = 10 for
DiPLS; and | = 2, s = 2, and d = 2 for DALVM. Their prediction performance on the test
data are shown in Figs. 4.1 - 4.3 respectively, and the corresponding mean squared errors
(MSEs) are shown in Table 4.3. It is shown that the prediction of DALVM follows the
actual variations well, and it obtains the smallest MSEs. In contrast, PLS performs poorly
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Figure 4.1: Modeling Performance of DALVM for Numerical Study
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Figure 4.2: Modeling Performance of DiPLS for Numerical Study
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Actual Variations

Yy = = =+ Predicted Variations
T T

Figure 4.3: Modeling Performance of PLS for Numerical Study

since traditional PLS only extracts static relations. For DiPLS,extra lags are needed to
achieve satisfactory results. DALVM outperforms others in prediction performance, and
the number of lags associated to quality and process variables are consistent with Eq.
(4.44). Figs. 4.4 and 4.5 show the auto-correlations and cross-correlations in the residuals
of quality variables for DALVM and DiPLS. Fig. 4.4 shows that dynamic variations do
not exist in the residuals since all of them are extracted by DALVM. However, as shown
in Fig. 4.5, there are still dynamic variations in the residuals after performing DiPLS. It
is observed that compared with DiPLS, DALVM can model the auto-regressive structure
in quality variables well, and achieves better dynamic modeling performance.

4.5.2 Tennessee Eastman Process

The TEP data proposed in [51] are widely used to evaluate modeling and monitoring
performance of control and monitoring algorithms. In TEP, 53 variables are divided into
two parts: 12 manipulated variables (XMV(1-12)) and 41 measured variables (XMEAS(1-
41)), and more details about these variables are elaborated in [54]. In our work, XMEAS(1-
22) and XMV(1-11) are used as the process variables X, and XMEAS(38) is selected as
the quality variable Y. It is noted that XMEAS(1-22) and XMV(1-11) are sampled every
3 minutes, while quality variable XMEAS(38) is sampled every 15 minutes. To balance the
sampling discrepancy, only 1/5 samples without duplicate samples are employed in this
case study [221].
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Figure 4.4: Auto-Correlations and Cross-Correlations of Quality Residuals for DALVM
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Figure 4.5: Auto-Correlations and Cross-Correlations of Quality Residuals for DiPLS
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Table 4.4: MSEs of DALVM, DiPLS and PLS for TEP
DALVM DiPLS PLS
MSEs  0.2462 0.6316 0.9943

Dynamic Modeling Performance

In order to illustrate the time series modeling performance of DALVM, 100 samples are
selected as training data and 192 samples are used as test data. After applying the hold-out
method, we obtain [ = 3, s = 3, and d = 1 for DALVM; [ = 3 and s = 5 for DiPLS; and
[ = 32 for PLS. The actual and predicted quality variations obtained with these methods are
shown in Fig. 4.6 and the corresponding MSEs are summarized in Table 4.4. From Fig. 4.6
and Table 4.4, it is observed that DALVM achieves the best prediction performance since it
results in the the smallest MSE and the time lag of DALVM is also the smallest. The quality
variations predicted by DALVM can match the actual variations better since DALVM is
able to model the dynamic cross-correlations and auto-correlations more accurately. To
show the contributions of dynamic cross-correlations and auto-correlations, Fig. 4.7 and
Table 4.5 are added to show the predicted variations of ?xg and ng and to present their
corresponding mean squared prediction errors respectively.

Actual Variations
— — Predictions
T T

DAPLS
T

A& N o

0 20 40 60 80 100 120 140 160 180
DiPLS
\

0 20 40 60 80 100 120 140 160 180

- 0 20 40 60 80 100 120 140 160 180

Figure 4.6: Dynamic Modeling Performance for TEP
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’ 0 20 40 60 80 100 120 140 160 180
Predicted ng

0 20 40 60 80 100 120 140 160 180

Figure 4.7: Modeling Performance of \A{'xg and ng for TEP

Table 4.5: MSEs of DALVM, DiPLS and PLS for TEP

A A A

Y ng ng
MSEs 0.2462 1.0872 0.5246

Monitoring Performance

15 known disturbances were simulated in |54], and PCA-based quality monitoring method
is applied to separate them into two groups, quality-relevant one and quality-irrelevant
one. The criterion used for separation reasoning is that if the detected faulty samples are
less than 15% of the total samples, the corresponding disturbance is classified as a quality-
irrelevant disturbance; otherwise, it is a quality-relevant fault. Table 4.6 and Table 4.7
summarize the fault detection rates (FDRs) and false alarm rates (FARs) of DiPLS and
ConDALVM for these two groups respectively. It is noted that FDRs and FARs in Tables
4.6 are based on the combination of all quality-relevant indices (77, 77, T, and Q). From
the results in these tables, it can be concluded that compared with DiPLS, ConDALVM
achieves higher FDRs with comparable FARs.

Furthermore, IDV(4) and IDV(5) are selected to present the detailed monitoring perfor-
mance of ConDALVM. A step change occurs in IDV(4) which increases the reactor cooling
water inlet temperature, which is a quality-irrelevant disturbance as shown in Fig. 4.8. T?
and (), in Fig. 4.8 are the indices for PCA-based process monitoring, and T, j is the index for
PCA-based quality monitoring. Fig. 4.9 shows the variation of each indices in ConDALVM.
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As observed from the monitoring performance of ConDALVM in Fig. 4.9, anomalies are
detected in process-relevant subspaces with ¢4, 7. 52:1: and Qs , only, which aligns with the
actual case, leading to the conclusion that it is process-relevant but quality-irrelevant.

A step change, which affects the condenser cooling water inlet temperature, is intro-
duced to IDV(5), and it is a transient quality-relevant disturbance as seen from the quality
monitoring results in Fig. 4.10 where the variations of quality-relevant indices reflect the
occurrence of a step change. Similar trend is detected with the monitoring indices 77, Tiy
and Ty2 obtained with ConDALVM in Fig. 4.11, and the fault alarms is only indicated
by Qsz, which implies that IDV(5) has a continuous effect on the static process residual
subspace.

Table 4.6: FDRs and FARs for Quality-Relevant Faults (%)
DiPLS ConDALVM

Fault Type - oype FARs FDRs  FARs
IDV(1) 9178 66.67 100 6891
IDV(2) 963 76.69 100 76.69
IDV(5) 7272 11.49 97.72 14.19
IDV(6) 100 17.95 100 17.07
IDV(7) 9155 395 97.18 23.14
IDV(R)  85.04 41.27 100 44.62

10) 58.9  29.06 91.78 27.73
IDV(12) 88.55 44.07 99.24 52.46
13) 96.6 13.95 100 17.78

Table 4.7: FARs for Quality-Irrelevant Disturbances (%)
Fault Type FARs (DiPLS) FARs (ConDALVM)

T2 7?13, 17
IDV(3) 9.32 3.06 2.45 3.07
IDV(4) 6.98 0.57 172 3.45
IDV(9) 6.75 485 2.42  3.64
IDV(11) 4.94 732 1.83 1.83
IDV(14) 5.78 628 4.51 457
IDV(15) 471 381 2.91 2091

4.5.3 Three-Phase Flow Facility

The three-phase flow facility (TPFF) is a pressurized system designed to control the flow
rate of air, water and oil [141]. In this process, there are 24 different process variables, and
in our case study, Variables 1-7, 10, 11-12, 19-21 and 23 are selected as process variables
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Figure 4.8: PCA-based Process and Quality Monitoring for IDV(4)
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Figure 4.9: Monitoring Performance of ConDALVM for IDV (4)

while Variable 13 is selected as quality variable. Readers can refer to |

physical meanings.

)

| for their

Three data sets (T1, T2 and T3) were acquired from the system as normal data and
different faults are introduced in each dataset, leading to 16 fault cases in total. The
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Figure 4.10: PCA-based Process and Quality Monitoring for IDV(5)
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Figure 4.11: Monitoring Performance of ConDALVM for IDV(5)

parameters are determined by the hold-out method as [ =5, s =1 and d = 1 for DALV M;
and [ = 5 and s = 5 for DiPLS. Similar to TEP, the disturbances are divided into quality-
relevant faults and quality-irrelevant disturbances, and Table 4.8 and Table 4.9 summarize
their FDRs and FARs respectively. It is shown that ConDALVM retains lower FARs than
DiPLS for quality-irrelevant disturbances, and for quality-relevant cases, its FDRs are
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higher with comparable FARs. Fault case F3 T3, which is caused by the top separator
input blockage, directly affects the quality variables. Thus, most information is captured
by the auto-regressive part, while ?xg introduces noise into the ConDALVM based model
thus leading to a large FAR.

Further, faults 1 in T2 set (F1_T2), where the air line blockage exists, is selected
to compare their monitoring performance. As shown in Fig. 4.12, F1 T2 affects the
quality variables in the range of Samples [3143%™, 3793%]. In Fig. 4.13, the T2, Tiy and
Ty2 calculated with ConDALVM serve to detect the faulty samples successfully, and T2
even forecasts the fault with the aid of process variables. However, DiPLS in Fig. 4.14
fails to detect the fault with T;, and classifies it as a quality-irrelevant fault incorrectly
since the auto-regressive dynamic of the quality variable is not captured by DiPLS. Thus,
ConDALVM achieves better monitoring performance, especially for faulty samples around
3450t to 3750,

Table 4.8: FDRs and FARs for Quality-Relevant Faults (%)

DiPLS ConDALVM
FDRs FARs FDRs FARs

F1 Tl 9943 7.56 100 5.97
F1 T2 1854 5.6 100 10.37
F1 T3 3895 275 100  9.49
F2 T2 100 7.34 100 5.71
F3 T1 8944 6.42 100 14.15
F3 T3 947 7.54 100 77.41
F4 T1 3873 501 100 4.21
F4 T2 8079 4.2 100 6.31
F4 T3 4693 4.52 100 5.12
F5 T1  43.76 2.31 100 7.15
F5 T2 4034 39 100 2.31
F6 T2 0 7.31 100 8.68

Fault Type

Table 4.9: FARs for Quality-Irrelevant Disturbances (%)
Fault Type FARs (DiPLS) FARs (ConDALVM)

T? T2 Td%y Ty2
F2 Ti1 7.54 06 O 0.76
F2 T3 8.63 1.96 O 1.32
F3 T2 11.1 0.03 0.1 0.08
F6_T1 8.25 0.63 O 0.75
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Figure 4.12: PCA-based Process and Quality Monitoring for F1 T2
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Figure 4.13: Monitoring Performance of ConDALVM for F1 T2

4.6 Conclusion

In this chapter, a dynamic auto-regressive latent variable model is proposed to capture
the dynamic relations between the current quality score and the weighted combination of
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Figure 4.14: Monitoring Performance of DiPLS for F1 T2

the past process and quality scores. Both cross and auto-dynamic correlations of quality
variables are extracted in DALVM. To achieve comprehensive static and dynamic modeling
and monitoring of process and quality spaces, a further decomposition into subspaces is
conducted on the extracted latent spaces of LVM. Both dynamic and static quality-relevant
and process-relevant anomalies are explicitly detected in the concurrent DALVM-based
monitoring system, with different alarming levels. A toy example, the Tennessee Eastman
process, and a three-phase flow facility are used to compare the proposed methods with
DiPLS and PLS, demonstrating the superiority of DALVM and ConDALVM for supervised
modeling and monitoring.
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Chapter 5

An Efficient Dynamic Auto-Regressive
CCA for Time Series Imputation with
Irregular Sampling

5.1 Overview

! To improve the prediction performance and efficiency of DALVM, an efficient dynamic
auto-regressive canonical correlation analysis (EDACCA) method is proposed with a mod-
ified auto-regressive exogenous model to extract dynamics in both auto-correlations and
cross-correlations. The flexibility and efficiency of EDACCA are improved with the de-
sign of weighting parameters and the economic singular value decomposition. EDACCA is
further adapted for multi-step ahead (MS) prediction and missing data imputation. Two
industrial processes are employed to evaluate the prediction performance and imputation
performance of EDACCA.

5.2 Introduction

With the advent of Industrial 4.0, automated control systems become increasingly sophis-
ticated and complex in industrial manufacturing processes. Data collected from these
processes usually retain the characteristics of high dimensionality, correlation, and dynam-
ics, which impose great challenges for data analytics. Meanwhile, quality data are of major
concern in industries since they are directly related to industrial profit, but they are usu-
ally difficult to measure in a timely manner [226]. Thus supervised learning methods are
preferred to infer quality variations from process variables. For instance, support vector
regression (SVR) that was proposed for constructing an accurate regression model between

! Adapted from Xu, Bo, & Zhu, Q. (2022). An Efficient Dynamic Auto-Regressive CCA for Time Series
Imputation With Irregular Sampling. IEEE Transactions on Automation Science and Engineering
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input and output, it requires all training samples to be labeled [13]. To alleviate this re-
quirement, semi-supervised SVR was proposed to use unlabeled samples to improve the
prediction accuracy [1858]. Liu et al. [98] developed a dynamic weighted probabilistic SVR,
which further introduced Bayesian interpretation and a dynamic weighting strategy based
on fuzzy similarity analysis to SVR.

Neural networks such as autoencoders (AEs) are also widely used for supervised pre-
dictive modeling and process monitoring. Different from traditional unsupervised AEs, a
supervised loss in the hidden layer is introduced into supervised AE, and both the super-
vised loss and the loss for the reconstruction error are minimized [91, 5]. Supervised AEs
achieve good modeling and monitoring performance due to their strong nonlinear modeling
ability. To construct dynamic neural networks, Wang et al. [167] proposed an evolutionary
AE where a dynamic network replaced the traditional nonlinear reconstruction model by
introducing a temporal matrix. Although the aforementioned supervised learning meth-
ods have achieved various degrees of success, their extracted dynamic relations are hard
to interpret. Agarwal et al proposed an explainability approach for auto-encoders based
architectures but its accuracy depends on the availability of a large amount of data |[3].

Supervised latent variable models (LVMs), on the other hand, retain good interpretabil-
ity, and they are preferred to exploit large-scale time series data at a relatively low cost
[127]. Partial least squares (PLS) and canonical correlation analysis (CCA) are two typ-
ical supervised LVMs. PLS extracts two sets of orthogonal score vectors by maximizing
their covariance, while CCA finds the linear projections of input and output based on a
maximum correlation criterion.

Dynamic extensions of LVM methods are widely studied to improve their modeling
performance. Ku et al. [34] constructed an augmented matrix to include dynamics with
lagged measurements. The augmentation idea was also extended to nonlinear LVMs |30,

|. However, dynamics are not explicitly modeled in these methods, leading to poor
interpretability of temporal relations. Alternatively, state space models were proposed with
first-order autoregressive models [109, |, but these methods failed to capture dynamics
with higher orders since only first-order dynamics were considered. Li et al. [96] proposed
a dynamic LVM in which an explicit high-order dynamic inner model was developed. Dong
and Qin [51, 19] developed dynamic LVMs with consistent dynamic inner and outer models,
and they are termed as dynamic inner PLS (DiPLS) and dynamic inner CCA (DiCCA).
Basis functions were further incorporated into these models to address the redundant
information contained in neighboring samples [183]. Although current dynamic methods
obtain good modeling and monitoring performance, they do not fully exploit quality data,
which otherwise can provide unique and important information for modeling. To overcome
this issue, Xu and Zhu [185] proposed a dynamic auto-regressive PLS (DAPLS) method
by introducing an auto-regressive exogenous model to capture dynamic auto-correlations
and cross-correlations.

Due to their ability in extracting relations among variables, LVMs are widely used for
missing data imputation to generate more samples for further monitoring and diagnosis.
Missing data refers to cases when there are no values collected for some variables in the
process, and it can be caused by issues such as sensor failures or irregular sampling rates.
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There are several common kinds of missing data: missing completely at random (MCAR),
missing at random (MAR), and missing not at random (MNAR) [9]. In manufacturing
processes, MCAR is common when some sensors are broken, and the MNAR issue is more
frequent than the other two, since the sampling rates of process variables are usually higher
than those of quality variables [221]. To deal with these issues, various imputation methods
are proposed to replace the missing data with substitute values. The most straightforward
method was to substitute the data with the mean of the observed values of the corre-
sponding variable [16]. Some advanced regression methods such as linear regression and
random forest regression are also adapted to predict missing data by using observed values
[205]. Recently deep learning-based imputation methods also receive wide attention due
to their effectiveness. Generative adversarial imputation net (GAIN) is mainly composed
of a generator and a discriminator where the generator imputes the missing samples based
on observed samples and the discriminator adjusts the generator to minimize the iden-
tifiability between imputed and observed samples [189]. Variational autoencoder (VAE)
is used as a generative tool to impute the missing samples since it can learn the distri-
butions of observed variables [32]. Denoising autoencoder works well to learn the latent
representations and associations of observed variables, and it is also used to generate clean
samples from its missing version [64]. These models achieve various degrees of success, but
there are still some issues that need to be resolved. First, they cannot obtain satisfactory
performance when the missing data rate is high, which is the case when different sampling
rates are used during data collection. Further, these methods only focus on maximizing
the predictability of the latent representations, and remain temporal relations unexploited.

To address the aforementioned issues, an improved missing data imputation strategy
based on a multi-step ahead prediction method is proposed in this work. First, an efficient
dynamic auto-regressive CCA (EDACCA) is proposed to construct the dynamic relations
between the current quality sample and a weighted combination of past processes and
quality data. Two weighting parameters are introduced to improve its flexibility, and sev-
eral techniques such as singular value decomposition are designed to enhance its efficiency.
Further, to avoid the pollution brought by faulty data or to address the irregular sampling
rates, a multi-step-ahead (MS) prediction model is designed based on EDACCA, which
is subsequently adapted for irregular missing data imputation. Two industrial processes
are used to illustrate the performance of EDACCA in terms of modeling and imputation
performance. The main contributions of this chapter are summarized as follows.

e A novel dynamic auto-regressive extension of CCA is designed to realize a compre-
hensive decomposition and modeling of quality data space.

e An economic form of SVD and new constraints are introduced to address the rank
deficiency and computational issues caused by matrix inversion.

e A multi-step ahead prediction framework is developed based on EDACCA to predict
and control variables in advance, which lays the foundation for the subsequent missing
data imputation strategy.

The remainder of this chapter is organized as follows. A brief review of CCA and
DiCCA is summarized in Section 5.3. Section 5.4 presents the details of the proposed
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EDACCA method and an EDACCA-based MS prediction imputation strategy. Two indus-
trial processes, namely the Tennessee Eastman process and a wind process, are employed
to demonstrate the effectiveness of the proposed methods in Section 5.5. Finally, Section
5.6 concludes the chapter.

5.3 Preliminaries

5.3.1 Canonical Correlation Analysis

Given X € R™™ with n samples and m process variables and Y € R"*? with ¢ quality
variables, CCA aims to maximize the correlation between X and Y as follows [05]

max J=q'Y' Xw
W (5.1)
st [ Xwll =1,[[Yql[ =1

where w and q are the process and quality weighting vectors respectively, and t = Xw
and u = Yq are the corresponding process and quality latent score vectors. The singular
value decomposition (SVD) or eigendecomposition method is utilized to solve the objective
in Eq. (5.1) [68]. A regularized CCA was also proposed in [221] to improve its robustness
in strongly colinear scenarios.

CCA decomposes X and Y into

(5.2)

X=TP' +E
Y=TQ  +F

where T S RnXl = [t17t27 T 7tl]a P e Rle = [p17p27 e 7pl]a Q € Rle = [(h;(l% T 7ql]7
[ is the number of latent variables, and E and F are the residuals of process and qual-
ity variables respectively. For a new collected sample x, the quality variables y can be
predicted by

vy =QR'x

R=WFP'W)!

which can be used further for online monitoring and diagnosis [221, 223].

5.3.2 Supervised Dynamic inner CCA

Supervised DICCA (sDiCCA) was proposed to improve the dynamic modeling performance
of CCA [19]. Denote x; and yj, as the process variables and quality variables collected at
time k, and their corresponding latent variables are

te =X, W
9.5
ur =Y d (5:5)
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sDiCCA assumes the following weighted relations between wuy and ¢ in its inner model.
ug = Bolr + bitg—1+ -+ Bstp—s + 15 (5.6)

where 3; (i =0,1,...,s) are the weights, and 7}, is the regression error. The output latent
variable 1 can then be predicted by

=Y Btk =Y _ Bixp ;W (5.7)
1=0 =1

To achieve dynamic consistency, the outer model of sSDICCA is designed to maximize
the correlation between the process and quality scores, and it can be expressed in the
following matrix form.

max qTYIZs B ® w]
q,w,0 (5-8>
st. [|[Ysal| =1, [|ZBow]| =1

where
Z, € RVEHDm — (XX, X
Y, € RV = [y, yor1, - Ysen] | (5.9)
BeR™ =By, b1, B
and X; € RV = [x;, X1, ,Xiyn] (i = 0,1,--+ ,s). ® is the kronecker product, and

|| - || denotes the Ly norm. It is noted that Eq. (5.8) is equivalent to

max qTYIZs B ® w]
q,w,3 ”quH ||Zs[/6 ® W] ||

The model parameters in Eq. (5.8) can be obtained with the aid of Lagrange multipliers

[49].

Remark 5 In the original work [/9], DiCCA was proposed as an unsupervised method,
where ug in Eq. (5.7) is replaced with the future process score tyy1, and the outer and
inner relations are adapted into

max WTX;F+1ZS [/8 & W]
w.3 (5.10)
st [ Xew| =1, || Z[Bew]|=1

thy1r = Btk + Batp—1 + -+ 4 Bstp—s + 71 (5.11)

More details of unsupervised DiCCA can be found in [19)].
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5.4 Methodology

5.4.1 Traditional Dynamic Auto-Regressive CCA

In Egs. (5.7) and (5.8), only the weighted relations of process and quality variables are
modeled in sDICCA. Its supervised prediction performance is limited since a large portion
of quality information remains unexploited. Alternatively, a dynamic autoregressive CCA
(DACCA) method is proposed in this work with the aim to fully exploit valuable infor-
mation in both process and quality data. In addition to the weighted relation between wy
and process latent variables, an auto-regressive exogenous model is adapted in DACCA to
learn the dynamic relations among quality data simultaneously as follows.

Uy = ﬁotk + ﬁltk—l +.o+ ﬁstk—s (5 12)
+ (51uk,1 + ...+ (5duk,d + g '

where s and d are the dynamics order for process and quality variables respectively. The
prediction of uy is

s d
iy =Y B w+ Y dyi_a
i=0 Jj=1

To ensure that both dynamic auto-correlations and cross-correlations are captured, the
objective of DACCA is designed to minimize the norm between @y and Y ;_, 8;x)_,w and

Z?Zl 5jy,jf ;a simultaneously. In a matrix form, it is expressed as

L AaYL(Bew)  dY7,(69q)
wads YallZ,Bew] " TY,allz,Goq]

Or, equivalently as

max  q'Y, [Z,(B® W)+ Z, (5 ®q)] (5.13)

W7q7ﬁ76

st |[Yeal =1, |Z,(Bow)| =1 |Z,(6®q)|=1

where

Z, € RN*EHDm — X X0, X, ]

Z, € RV =Y, | YV, 9,....Y, 4

X, € RVxm — [Xi,xi+1,...,xi+N]T,i ={0,1,...,9}

Y, € RV*4 — [yi,yi+1,...,yi+N]T,i ={0,1,...,9}

BeR™ =1[8,8,...,8]"

6 eRY=1[0,,0,...,04]"

g = max(s, d) is the higher dynamics order of s and d. The outer model of DACCA can be
divided into two parts. The first part is to capture the dynamic cross-correlations between
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current quality variables and past and current process variables, while the second part is
to extract the auto-correlations between current quality samples and past quality samples.
Thus, in DACCA, the output, namely the current quality samples, can be predicted by i.
past and current process samples, and ii. past quality samples.

DACCA obtains better predictive modeling performance than most dynamic algo-
rithms. However, several issues are involved in its objective design. Firstly, the constraints
imposed in Eq. (5.13) assign equal weights on process and quality data, and the extracted
dynamic relations may not be accurate. Further, the model parameters need to be obtained
in an iterative way, and it is not efficient since matrix inversion needs to be performed in ev-
ery iteration where rank-deficient issues may exist. To address these limitations an efficient
DACCA (EDACCA) method is proposed to address these issues.

5.4.2 Efficient Dynamic Auto-Regressive CCA

In EDACCA, the objective is to maximize the covariance between Y,q and Z, (8 ® w)
and the correlation between Y ,q and Z, (§ ® q). Then the main objective and constraints
in Eq. (5.13) are revised into

Jnax, q'Y, [k1Zy (B @ W) + ksZy (6 ® q)] (5.14)

st |[Yeall =1, 2, (60q)|| =1, [w]|=1, [B]l=1

where the constraints for Y,q and Z, (6 ® q) are designed based on DiCCA as shown in
Eq. (5.10). The constraints for w and 8 aim to restrict weighted parameters for better
convergence. k; and ks are weights of cross-correlations and auto-correlations, and they are
selected through joint cross-validation. The incorporation of k; and k5 achieves additional
flexibility in the dynamic modeling of process and quality data.

To obtain the model parameters of EDACCA, Lagrange multipliers A;, Ao, A3, and A4
are introduced, and the following Lagrange function is formulated.

L=q"Y, [kZ: (B W)+ kZ,(6©q)

+ % (1-q'Y,Y,q) + % (1-w'w) (5.15)
A A
+ ?3 (1- BTB) + 74 (1-d"Y, Y;q)

Solving the Lagrange function £ leads to

W X Xngq; (5.16)
-1
ax (Y, Y, +Y,Yy)
(k1Y Xpgw + kY, Ys5q+ Y, Yq) ; (5.17)
B T]Y,q; (5.18)
5 o (UJU,) ™ kU Y,q; (5.19)
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where

X5 =2, (B®1,) ZBZ g-i

Ys=7,(021,) Z(SYN

Ts = Zx (Is+1 ® W) = [tg7tg717 e ,tg,s]
Ui=2,1,®q) =[u,_1,uy-9,...,uy_4

If Egs. (5.16) - (5.19) are calculated iteratively to obtain model parameters, and matrix
inversions must be calculated in each iteration, leading to inefficient computation perfor-
mance. Furthermore, after one set of model parameters is obtained, deflation must be
performed on X and Y to remove their effect, which may make X and Y rank-deficient.
In this case, the matrix inversion (Y, Y, + Y;Y(;)*l in Egs. (5.17) would lead to ill-
conditioned problems.

To deal with the inefficient matrix inversion and handle the ill-conditioning problem, an
economic form of SVD, which can remove extra rows or columns of zeros from the diagonal
matrix of singular values, is performed to pre-process the input and output/quality matrices
as follows:

X, =1U,D,V] (5.20)

Y,=U,D,V,/ (5.21)
where the diagonal matrices D, and D, only contain nonzero singular values, and Ug,, Uy,
V, and V, include their orthogonal singular vectors that correspond to nonzero singular
values. Then the latent variables t and u can be expressed as

t=Xw=U,w, (5.22)

u=Yq=Uyq, (5.23)
where U, = XV,D,;!, U, = YVyD?jl, w, =D,V w, and q, = DyVqu. The EDACCA
model is developed once the model parameters w,,, q,, 8 and d are learned. Thus, combined

with the constraints in Eq. (5.14), the model relations in Eqgs. (5.16) - (5.19) are updated
into

w=kXju, w=w/|w|; (5.24)
=D,V w; (5.25)
= (U] U, +Uju;) "

(kU] Ugw, + kU] Usq, + Ui Uyyq,) ; (5.26)

Qu = qu/[|Uyaull; (5.27)
u, = Uyqu; (5.28)
B=mT u, B=p/|8l; (5.29)

§=(UjU,)  kUju,, &=20/(u]Uu8)"” (5.30)
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where

s d
Uy =) BX,V.D;' Us =) 4Y,,V,D* (5.31)
i=0 =1
Uy =[ug1,uy_9,...,uy_g (5.32)
T, = [ty tg_1,. .. ty_s] (5.33)

w, (i=9g—1,9—2,...,9—d) are sub-vectors of u = Uyq,, and t; (i =g,9—1,...,9—5)
are from t = U,w,. Due to the orthogonality of U,,, U;yUgy = I can address local

convergence or ill-conditioned problems caused by matrix inversion (Y;Yg + Y;Yfg)_l in
Egs. (5.17). It is noted that Egs. (5.24) - (5.30) define the outer structure of EDACCA.

To achieve consistency of the inner and outer models, a modified auto-regressive exoge-
nous model is designed in the inner model of EDACCA.
ﬁg = lesa -+ kQUd’y (534)

where ¢ and « are weighting vectors.

After performing inner and outer models, one pair of dynamic latent variables is ex-
tracted, and their effect can be removed by deflation on X and Y. The deflation of X
is

X:=X-tp' (5.35)

where p = X "t/t"t.

It is noted that only Y, = {y;}i., can be predicted with an auto-regressive exogenous

model, while for Y., = {yi}f:_ol , the previous g samples are not available, and the static
model should be adopted to deflate Yg.,—1. Thus, the deflation of Y is separated into two
parts, where Yo.,_; is deflated by

YO:gfl = YO:gfl - 1AlO:gfqu (536)
where fl[):g*l = bto;gfl, b= uag_lt();g,l/tag_lt():g,l, to;g,1 = {tz}‘g;ol, and U[);gfl = {ui f;Ol
For Y, its deflation is designed to minimize ||Y, — u,c'||, and it is deflated by
Y, =Y,—1q,c’ (5.37)
where ¢ = Y, u,/a, a,.

Then the next sets of latent variables can be extracted iteratively with the deflated
matrices. The details of the EDACCA algorithm are summarized in Algorithm 3, and the
weight parameters k; and ko, the dynamics order s and d, and the number of latent scores
[ are determined with a joint cross-validation method.
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Algorithm 3 The EDACCA Algorithm

1. Preprocess X and Y by initializing them to zero mean and unit variance, select the
first column of Y as u and initialize 3 and d as random vectors with the unit norm.

2. Perform economic SVD on X, and Y, and obtain the unitary matrices for X and Y.
X,=U.,D, V], Y,=U,D,V/
U, =XV,D;!, U,= YVyD;1

3. Iterate the following steps until convergence is achieved.

i. Form Ug, U and U, with Egs. (5.31) - (5.32);

ii. Obtain model parameters w,, q,, 8 and o with the relations in Egs. (5.24) -
(5.30).

4. Construct an auto-regressive exogenous model with Eq. (5.34) to obtain the inner
model parameters o and «, and 0, can be obtained by 0, = k1 Tsa + kyUgy.

5. Deflate X and Y with Eqgs. (5.35) - (5.37) respectively.

6. Repeat Steps 2 - 4 until [ sets of latent scores are extracted.

Remark 6 In industrial applications, sometimes important quality variables are required
to be predicted and controlled in advance. To achieve this kind of task, the objective of
EDACCA shown in Eq. (5.14) can be rewritten as

max q'Y,) X (B W) + kY. (6 ®q)] (5.38)
w,q,9,

st. Yyl =1, [Ye(d@aq) =1 |w[|=1 [B8]|=1
where e is the number of steps in advance, g = max(s + e,d + €) and
Xe € RV = X 0, Xy 1eyer Xgostie)
Y, € RV = (Y, 0. Yy 1 ¢, Yy a1 el
BeER = [51,52,~-,55]T
8 eRY=1[61,05,...,04"

Compared with traditional EDACCA, only Z, and Z, are replaced by X, and Y, sepa-
rately.

5.4.3 Multi-Step-Ahead Prediction with EDACCA

Eq. (5.12) provides predictions by assuming the availability of the current and past s
process data, and the past d quality data. However, different sampling rates may be
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adopted for various sensors, leading to the unavailability of some slow sampling variables.
Further, the modeling and monitoring performance may get deteriorated if some variables
are polluted by faults. Thus, it is necessary to realize multi-step-ahead (MS) predictions
to get rid of the regular sampling constraint and the pollution of faulty data. To achieve
this goal, EDACCA is extended to an MS prediction scheme, which is designed based on
Eq. (5.12) as follows.

1. One Step ahead prediction. To achieve a strict one-step ahead prediction model, the
use of the current process sample ¢, is removed from Eq. (5.12), and the dynamic
relation is rewritten as

s d
Ugp—1 = k1 Z Bity_; + ko Z Ajuy; (5.39)

i=1 =1

where k; and ks have the same meaning as those in Eq. 5.14, and B; and A;
are the dynamic cross-correlation and auto-correlation coefficients. Eq. (5.39) can
provide accurate prediction results only when the process latent scores at time step
k—1,k—2,...,k — s, and quality scores at time step k — 1,k — 2,...,k — d are
available and faulty-free.

2. Two steps ahead prediction. When the previous sample ug, is not available due to
irregular sampling rates, or it is polluted by faults, a two-step ahead prediction model
can be designed.

2 = k1 Y Bty (5.40)
i=1
d
+ ko <A1flk—1|k—2 + Z Aiuki>
=2

where uy, is substituted with the prediction t;_yx—o from one-step ahead predictive
model, and A, is the auto-correlation coeflicient for t;_1;_2. Note that in Eq. (5.40),
only MS predictions of auto-correlations are considered, and it has wide applications
when quality variables are sampled with a smaller frequency than process ones.

3. h-step ahead prediction. Similarly, the h (h > 2) steps ahead prediction can be
calculated as

g = k1 Y Byt (5.41)

=1
h-1 d
+ ko (Z A jp—n + Z Ai“k—i)
i1 i—h

where h < ¢ in this work.
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5.4.4 Missing Data Imputation with EDACCA-based MS Predic-
tion

EDACCA can accurately extract the dynamic relations in the data, and the developed
models can be subsequently applied for multiple purposes, such as fault monitoring and
diagnosis as developed in [185]. Furthermore, to address the irregular sampling issues in
practical industrial processes, the developed MS prediction scheme is adopted as a missing
data imputation strategy to deal with the missing data issue in quality variables. The
general procedure is outlined as follows.

a. Initialization: The model parameters ki, ko, s, d, and [ are selected for EDACCA
by using training data without missing values, and the dedicated EDACCA model is
trained with the selected parameters.

b. Imputation: The EDACCA model imputes the missing quality variables ¥ miss based
on the corresponding process variables and past process and quality samples.

s d
yk,miss = (kl Z tg—iai + k? Z ug—i7i) CT (542)
=0 =1

where
t =xR
u=yC
R=WFP W)™
C= [C17027“' Jcl]

x and y can be the original observed samples or the imputed samples. The imputation
is performed in sequential order until all quality data are imputed. It is noted that
when the sampling discrepancy between process and quality data is large, more than
one quality sample might be missing in the collected data. Thus, the Multi-Step
(MS) predictive model should be adopted instead to predict some quality data in Eq.
(5.42). Yk miss should be predicted with

S’k,miss - <k1 Z tg—iai
=0
h—1 d
+ko (Z Up—ilk—nY; T Z Uk—i’h)) Cc’
=1 i=h

where h is determined based on the discrepancy of sampling frequencies between
quality and input variables. To make sure that Eq. (5.43) can run normally, the first
missing sample that can be imputed should be imputed by one step ahead of the
normal EDACCA algorithm based on time parameters s and d.

(5.43)
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Actual Variations
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Figure 5.1: Dynamic Modeling Performance of Different Models for TEP

c. Predictive modeling: After samples without quality labels are imputed, new train-
ing data is obtained, which can be employed for subsequent predictive modeling,

monitoring, and diagnosis with other models such as DiPLS [19] or neural networks
[192].

Remark 7 The proposed EDACCA-based imputation method is suitable when different
frequencies exist for process and quality variables, which is very common in manufacturing
processes since the measurements of quality variables such as product compositions are
usually less frequently sampled and have associated delays.

5.5 Case Studies

In this section, two industrial processes, namely the Tennessee Eastman process (TEP)
and a wind process, are used to evaluate the modeling and imputation effectiveness of the
proposed EDACCA algorithm.

5.5.1 Tennessee Eastman Process

TEP [54] has been widely used to illustrate the modeling and monitoring performance
of different models in the area of process systems engineering. Based on the properties
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Table 5.1: Prediction Results of Different Models for TEP
EDACCA DACCA DAPLS DiPLS sDiCCA

MSEs  0.1620 0.3196  0.2462 0.6316  0.8896
R? 0.9479 0.8945  0.9237 0.7560  0.5976

Table 5.2: MSEs of Y,, and Y, for TEP
EDACCA DACCA DAPLS sDiCCA DiCCA

Y 0.1620 0.3196  0.2462  0.8896  1.0465
Y., 1.3517 0.9186 1.0872  0.8896 -
Y,, 0.1056 0.3660  0.5246 - 1.0465

of the measurements, the 53 measured variables are divided into 41 measured variables
XMEAS(1-41) and 12 manipulated variables XMV(1-12). In this work, to evaluate the
prediction performance of EDACCA, XMEAS(38) is used as the quality variable Y, and
the process variables X are composed of XMV(1-11) and XMEAS(1-22). Since X and Y
have different sampling rates where the quality variable is sampled every 15 minutes and
process variables are sampled every 3 minutes, the quality values are replicated four times
in the original data [54|, which effectively affect the actual dynamic relations between X
and Y. To mitigate this effect, the duplicated quality samples are removed along with their
corresponding process samples [221]. Thus, 100 samples are used as training data, and 192
samples are used as testing data.

EDACCA, DACCA, DAPLS, DiPLS, and sDiCCA are compared in this case study,
and the model parameters are obtained by performing cross-validation: [ = 14, s = 12,
d =2,k = 002 and ks = 0.98 for EDACCA; [ = 3, s = 1, and d = 1 for DACCA;
[ =3,5s=3,and d = 1 for DAPLS; [ = 3 and s = 5 for DiPLS; and [ = 2 and s = 3 for
sDiCCA. Fig. 5.1 visualizes their prediction results, their mean squared errors (MSEs), and
coefficient of determination (R?) are summarized in Table 5.1. Compared with dynamic
inner LVMs such as DiPLS and sDiCCA, EDACCA, DACCA, and DAPLS have obtained
better prediction performance. Among them, EDACCA can capture the dynamics more

accurately, and it achieves the best predictive modeling performance with the smallest
MSE and the largest R2.

The predictive contributions from the dynamic cross-correlations Y'xg and the dynamic
auto-correlations ng in EDACCA, DACCA, and DAPLS are further studied. Their MSEs
are summarized in Table 5.2, which are visualized in Fig. 5.2. The MSEs of supervised
sDiCCA and unsupervised DiCCA are also included in Table 5.2 for completeness. For
DAPLS, the predictive modeling performance is not satisfactory if only ng or ng is
included, while their combination Y provides good prediction performance. The MSEs
of Yrg and ng in DACCA are smaller than DAPLS, but their combined performance is
worse. With more flexibility introduced into EDACCA, the model puts more weight on
the auto-regressive relations among quality samples, and it achieves the best performance
among these models. It is noted that unsupervised DiCCA purely learns the auto-regressive
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Table 5.3: Prediction Results of Different Models for Wind Process
EDACCA DACCA DAPLS DiPLS sDiCCA

MSEs  0.0194 0.0565  0.0219 0.4670  0.4570
R? 0.9905 0.9591 0.982  0.6545 0.6555

relations in quality samples, but its performance is not as good as EDACCA without the
filtering effect brought by the process variables. Similarly, only learning the dynamic cross-
correlations in sDiCCA does not generate satisfactory outcomes, since quality information
is not fully exploited. Thus, the good performance of EDACCA is attributed to its flexi-
bility because of the addition of the weights in its objective function.

Furthermore, to show that EDACCA achieves improvement in computing efficiency
over DACCA, 100 rounds of the TEP dataset are selected with 10,000 samples in total,
and they are partitioned into 10 groups with an increment of 1,000 samples (more details
can be found in the work [138]). EDACCA and DACCA are trained on these 10 groups
of datasets respectively, and their computing time is plotted in Fig. 5.3 in a semi-log
form for better visualization. The model training is performed in MATLAB on the laptop
computer with CPU (Intel(R) Core(TM) i7-10750H CPU @ 2.60GHz 2.59 GHz) and GPU
(NVIDIA GeForce RTX 2070 with Max-Q Design). As shown in the figure, EDACCA is
much more efficient than DACCA, because of its handling of the matrix inversion step, and
ill-conditioning issues. EDACCA even achieves comparable computing time with DAPLS,
which does not involve matrix inversions in its training stage.

5.5.2 Wind Process

In this case study, the wind power data, which are collected from Ontario Independent
Electricity System Operator (IESO)? at the year 2018, are used to evaluate the performance
of EDACCA in terms of prediction performance and missing data imputation. More details
about the wind process can be found in [3].

In our work, “total wind power" is selected as the quality variable, and five variables,
“temperature", “real humidity", “wind direction", “wind speed" and “pressure", are selected
as process variables. To retain the dynamics in the data, 7008 samples collected in the first
292 days are selected as training data, and the remaining 1752 samples are used as testing
data.

Predictive Modeling

EDACCA, DACCA, DAPLS, DiPLS and sDiCCA are studied and compared, and their
parameters are selected as [ =3, s =3,d =1, ky = 0.4 and ks = 0.6 for EDACCA; [ = 2,
s =3, and d = 3 for DACCA; [ =3, s =3, and d = 1 for DAPLS; [ = 3 and s = 6 for
DiPLS; and [ = 2 and s = 7 for sDiCCA. The models’ predictive modeling performance is

2https://www.ieso.ca/en/Power-Data/Data-Directory
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Table 5.4: MSEs of Multi-Step Ahead Prediction Models
Steps EDACCA DiPLS DiCCA RFR LSTM

Original  0.0194 0.467  0.457  0.5752 0.5025

1 0.0112 04951 0.4936 0.5821 0.5252
0.0469  0.5326 0.5312 0.5873 0.5693
0.1026  0.5753 0.5747 0.6116 0.6109
0.1849  0.6266 0.6231 0.6404 0.6683
0.2684  0.6818 0.6778 0.6767 0.7385

Ol = W N

Table 5.5: MSEs of Different Imputation Methods for MCAR
Missing Ratio EDACCA GAIN LR Dup DeDup

1% 0.4607 0.4804 0.4693 0.4708 0.4702
5% 0.4618 0.4970 0.4803 0.4705 0.4736
10% 0.4611  0.5247 0.5040 0.4692 0.4686
20% 0.4614  0.5253 0.5494 0.4693 0.4844
30% 0.4622 0.5771 0.5861 0.4707 0.4864
40% 0.4557 0.6769 0.6496 0.4899 0.4997

shown in Fig. 5.4, and their MSEs and coefficient of determination (R?) are summarized
in Table 5.4. It is observed that the prediction performance of EDACCA, DACCA and
DAPLS is better than DiPLS and sDiCCA, with EDACCA performing the best, which is
consistent with the TEP case study.

Multi-Step-Ahead Prediction

In this part, to further illustrate the prediction effectiveness of EDACCA, the EDACCA-

based MS prediction performance is compared with DiPLS, DiCCA [52], random forest
regression (RFR) [80] and long short-term memory network (LSTM) [78], with different
time steps where s = 1,2,...,5. Their parameters are selected with a cross-validation

method to achieve their optimal performance, and the MS prediction results of these models
are summarized in Table 5.4. In general, the uncertainties increase with increasing step h,
and as shown in Table 5.4, the MSEs of all methods become larger as h increases. However,
for all steps shown in Table 5.4, the predictive performance of EDACCA is better than
the other models, indicating that the EDACCA-based multi-steps-ahead model has strong
ahead predictive capability.

Missing Data Imputation
Two types of missing data are introduced into the wind power data, which are MCAR

and MNAR. MCAR is to mimic the general scenario for missing data, and MNAR is to
simulate the case when different frequencies are set for process and quality variables.
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Table 5.6: Parameter Selection for MNAR
Step  EDACCA LR Dup DeDup

2 1=3;s=6 1=5;3=10 1=3;5=6 1=3;s=3
3 1=3;s=6 1=5;5=10 1=3;s=6 [=3;5=2
4 1=3;s=5 1=b;5=10 1=3;s=8 1=3;5=2
6 1=3;5=5 1=5;3=10 1=3;5=8 1=b;5=4
12 1=3;s=3 1=3;s=5 1=3;s=5H 1=hH;s=2

Table 5.7: MSEs of Different Imputation Methods for MNAR
Step EDACCA LR Dup  DeDup

2 0.4606 0.4840 0.4656 0.4733
3 0.4578  0.4739 0.4624 0.4836
4 0.4709 04747 0.4775 0.4942
6 0.4736  0.4884 0.4906 0.5857
12 0.5570 0.6623 0.6519 0.6624

For MCAR, 1%, 5%, 10%, 20%, 30%, and 40% samples are removed from training
data randomly, and five imputation methods are compared, including EDACCA-based
imputation, generative adversarial imputation nets (GAIN) [189], linear regression (LR)
imputation, duplication (Dup) and deduplication (DeDup) method. Dup method imputes
the missing data by replicating the previous nearest known values, and the DeDup method
simply removes the missing data. GAIN is selected as an example of an adversarial neural
network for comparison. Five different imputed data are generated, and DiPLS is per-
formed on these datasets for imputation performance comparison. For each dataset, the
model parameters of DiPLS are [ = 3 and s = 6, which are selected with a joint cross-
validation method. The MSEs for these imputed datasets are summarized in Table 5.5.
For all cases, the EDACCA-based imputation strategy achieves better performance with
the smallest MSE. For GAIN, the generator of GAIN generates imputed data without
considering the temporal relations in adjacent samples. Though GAIN can generate data
that can not be identified by its discriminator, the time series relations will be corrupted,
and its performance becomes worse when the missing data ratio increases. LR imputation
inserts linear relations into original data randomly which will wrongly predict the original
dynamic relations between quality and process variables. Moreover, for EDACCA-based
imputation, even if the missing rate increases from 1% to 40%, the imputation performance
is consistent.

To mimic the MNAR missing data caused by different sampling rates of quality and
process variables, the collected quality data are kept in every S step, where § is the
number of sampling steps. For the wind dataset, the step should be selected as a divisor of
24, and thus 2, 3, 4, 6, and 12 are selected. Then EDACCA, LR, Dup, and DeDup-based
imputation methods are conducted on the dataset with MNAR. It is noted that as analyzed
in Section 5.4.4 and in the MCAR case study, GAIN achieves inferior performance when the
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missing ratio is large, and thus it is not compared here. After performing imputation, four
groups of imputed training data are used to train DiPLS respectively. The corresponding
parameters selection results are listed in Table 5.6, and their MSEs are summarized in
Table 5.7. As shown in the tables, EDACCA can capture the dynamics between process
and quality variables, and the corresponding DiPLS model needs fewer latent variables
for more accurate predictive modeling, compared with the DiPLS model trained on other
imputed datasets. As the step becomes bigger and the ratio of missing data gets larger,
the advantage of the EDACCA-based imputation method is more obvious with smaller
MSEs. It is concluded that EDACCA imputation will provide more accurate information
to compensate for the missing data when the proportion of missing data is large.

To further illustrate the imputation performance of EDACCA, t-distributed stochastic
neighbor embedding (t-SNE) is applied for feature visualization. t-SNE is performed on
the augmented matrix, which is constructed by the imputed Y and actual Y. Fig. 5.5a and
Fig. 5.5b visualize the EDACCA imputation and linear regression imputation respectively
for § = 12. As shown in Fig. 5.5a, t-SNE can not distinguish Y imputed by EDACCA
and the actual Y, implying that the distribution gap between the imputed data and the
actual data is negligible. For linear regression imputation in Fig. 5.5b, however, a large
group of imputed Y can be identified with t-SNE, as shown by the data within a black
square in Fig. 5.5b.

5.6 Summary

In this chapter, a dynamic regressive CCA method is proposed for dynamic modeling, and
its efficiency and stability are improved with full-rank decomposition and SVD techniques.
Compared with traditional dynamic extensions of latent variable models, EDACCA can
simultaneously extract the cross-correlations between current quality variables and current
and past process variables, and the auto-correlations between current and past quality
variables. A multi-step ahead prediction method is proposed based on EDACCA, which
is adapted further for missing data imputation when irregular sampling frequencies exist
in the process. The TEP and wind processes are used to compare EDACCA with some
existing methods in terms of predictive modeling and missing data imputation.
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Chapter 6

Multi-Step Dynamic Slow Feature
Analysis for Anomaly Detection

6.1 Overview

! Current dynamic extensions of latent variable models have good modeling performance.
However, most of them focus on predictability instead of slowness which is the invariance
between neighboring samples. To consider the slowness in the processes and improve the
interpretability, a novel exponentially weighted SFA (EWSFA) is proposed to extract slow
features by following the decaying nature of temporal signals. FExponentially decaying
weights are learned in EWSFA to model dynamic relations between current and historical
samples, and its computation efficiency is further improved with the aid of singular value
decomposition. An EWSFA-based monitoring scheme is developed to detect anomalies
in both slow and fast variations, and a novel dynamic index is designed to identify the
occurrence of operating condition changes. The effectiveness of EWSFA is demonstrated
through two industrial case studies.

6.2 Introduction

Accurate modeling is important for developing reliable fault detection and diagnosis meth-
ods. With the advancement of smart sensors and data storage techniques, voluminous
samples are collected, and data-driven modeling techniques are preferred due to their
simplicity and superiority [01, 92, , |. Among them, dimensionality reduction al-
gorithms are widely studied and used to extract a subset of valuable information from
the highly-correlated data based on various criteria, including slow feature analysis (SFA)
[174], principal component analysis (PCA) |1], partial least squares (PLS) [63], and latent
variable regression (LVR) [218].

! Adapted from a paper submitted to AIChE Journal, which is currently under review.
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Most of these latent variable methods (LVMs) were originally developed with the as-
sumption that the processes are static, and then, additional dynamic handling techniques
were proposed for system dynamics extraction. A straightforward method to incorporate
dynamics is to perform LVMs on data augmented with historical samples [30, 58, 70, |.
However, following data augmentation, the dimension of the weighted vectors and load-
ing vectors will increase dramatically as the time lag increases. For data augmentation
methods, it is difficult to obtain an explicit relation between latent variables and historical
data. Thus, the extracted relations are hard to interpret. To address this issue, frequency
domain methods were also proposed by using Fourier transform to convert the data from
the time to the frequency domain |24, 116]. These methods will first capture and construct
the dynamic relations between historical data and future data directly, without incorpo-
rating current data during the training phase. Subsequently, during the testing stage, they
can directly predict future data by using historical data. They require both historical
and future time series data for dynamic modeling. Pena et al. [I15] avoided the usage
of future data with the aid of causal relations. However, dynamics are still confused with
cross-correlated variations in these methods. Alternatively, Li et al. [96] explicitly learned
the dynamic relations between the current sample and a weighted combination of histor-
ical samples. In this method, an outer model is designed to extract the dynamic latent
variables by maximizing the auto-covariance whereas an inner model is built to represent
the dynamic relationships between extracted latent variables. However, the model retains
inconsistent temporal information in the inner and outer models since the outer model only
focuses on one-time lag whereas multi-time lags are considered in the inner model. Dong
and Qin [50] modified the inner model structure and proposed a dynamic inner PCA to
achieve dynamic consistency. The same idea is extended to other LVMs, such as dynamic
inner CCA (DiCCA) [18] and dynamic inner LVR [224]. The corresponding monitoring
strategies based on the above methods have been also applied for dynamic process moni-
toring [37, , 77]. A more comprehensive review of dynamic LVMs and their monitoring
methods can be found in [127, 187].

In contrast, SFA is a time series modeling approach that focuses on the invariance be-
tween neighboring samples by minimizing their difference. SFA is widely used for object
detection, action recognition, and blind source separation [174, 20, , , |. The idea
is based on a premise that slow features generally correspond to very significant anomalies
in a process and then it is important to identify them from data that contains important
slow features with less relevant fast changing features. Considering its ability to extract
slow variations from noises, SFA is adapted in manufacturing processes to differentiate nor-
mal deviations in operating conditions from dynamic anomalies [117]. Since it is common
to change process objectives based on the market demands in modern manufacturing pro-
cesses, identifying actual anomalies is essential to reduce nuisance alarms and thus improve
the system’s reliability. SFA extracts the first-order dynamics and it applies an augmen-
tation technique to extract multi-order dynamics [117, , , |. However, similar
to other LVMs, augmented data exploitation leads to unclear dynamic interpretation in
the extracted latent variables (LVs). Inspired by the dynamic inner LVMs, dynamic inner
SFA (DiSFA) was also designed [153, 181] to build a serial correlation between the current
sample and a weighted combination of past samples. DiSFA assigns optimal unconstrained
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weights to historical samples to maximize their similarity with the current sample. Thus,
instead of emphasizing the slowness as in SFA, the nature of DiSFA is to maximize the
predictability of LVs. Further, nonlinearity is not considered or effectively integrated in the
aforementioned variants of SFA.

Following the above, it can be asserted that the current advanced dynamic extensions
of SFA still lack a dependable scheme for postulating dynamic relations amongst the slow
features and do not address nonlinear behavior. To address these issues, a multi-step
dynamic SFA, namely exponentially weighted SFA (EWSFA), is proposed in this work to
explicitly extract multi-order dynamics from data. The collected data are first transformed
with an autoencoder (AE) or support vector machine (SVM) for nonlinearity extraction,
and the reduced-dimensional latent variables generated by the encoder are further processed
for dynamic modeling. EWSFA minimizes the difference between the LV of the current
sample and the predicted LV formed by the weighted combination of past samples. Different
from dynamic inner LVMs, an exponentially weighted moving average [71] is applied to
the weights of past samples, which is in line with the decaying nature of time series. The
efficiency of EWSFA is further improved with the aid of full-rank decomposition. An
EWSFA-based dynamic monitoring framework is also designed, where three monitoring
indices are developed to monitor anomalies in slow features, fast features, and operating
dynamics respectively. The main contributions of this chapter are summarized as follows.

(1) Proposed an exponentially weighted slow feature analysis (EWSFA) algorithm to
capture multi-step dynamics. The extracted dynamics are easy to interpret and
follow the decaying nature of time series data.

(2) Improved the computation efficiency of EWSFA to maintain its superior performance
when applied to high-dimensional temporal data.

(3) Designed a comprehensive EWSFA-based dynamic monitoring framework. In addi-
tion to the monitoring of static and dynamic anomalies, a novel dynamic index is also
designed to differentiate the effect of intentional operating condition changes from
normal operation.

The remainder of this chapter is organized. A brief review of SFA and DiSFA methods
is presented in Section 6.3. Section 6.4 presents the details of the proposed efficient EWSFA
modeling and monitoring algorithm. In Section 6.5, two industrial case studies are pre-
sented to illustrate the superiority of the proposed methods for the detection of oscillatory
responses and monitoring performance. Finally, Section 6.6 concludes the chapter.

6.3 Preliminaries

6.3.1 Slow Feature Analysis

SFA was proposed by Wiskott and Sejnowski [174] to extract slowly varying features
from high dimensional temporal input signals. Given an m-dimensional input signal
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x(t) = [x1(t), 22(t), ..., zm(t)] ", SFA seeks for [ sets of transformation functions g(x) =
[91(x), g2(x), ..., q:(x)]", and transforms x(t) into [ LVs s(t) = [s1(t), sa(t),...,s(t)]" by
optimizing

min (57), (6.1)

st (s)0=0, (s3)e=1, (sis;)i=0 Vi#j (6.2)

where the angle bracket denotes temporal averaging (f); = tli - til f(t)dt, and s; is the
first-order derivative of s;(t). SFA defines ($;), in Eq. (6.1) as an indicator for slowness of
LVs, and LVs are extracted with an ascending order of ($;);. The constraints in Eq. (6.2)
ensure that the extracted LVs have zero mean and unit variance, and are decorrelated from
previous LVs. It is noted that LVs s; (j = 1,2,...,1) are also called slow featuress (SFs)

in SFA, and both LVs and SFs are used interchangeably in this work.

When g(x) is chosen to be a linear combination of x, the relation between s; and x is
expressed as

sj = g;(%) = wj x (6.3)
where w; = [w;1, wj2, . .. ,wjm]T is the weighting vector of the j®® LV. In a more compact
form, we have

s=W'x

where W = [wy, wa, ..., w;]. Thus, the optimization objective defined in Eqgs. (6.1) and
(6.2) is to find the transformation matrix W such that their corresponding latent variables
retain the slowest variations. The values of W can be obtained with the aid of singular
value decomposition and eigendecomposition [174].

Blaschke et al. [19] proved that for discrete time series, SFA is equivalent to maximizing
the correlation between LVs of neighboring samples x(t) and x(t — 1), which is

max s;(t)s;(t —1) (6.4)
95(x)
under the same constraints as in Eq. (6.2). As observed from Eq. (6.4), SFA only
considers the one-step auto-correlations and assumes that the slowness is captured as
long as the neighboring samples are highly correlated. However, since past samples may
still have temporal effects on the current sample x(¢), the dynamic relations extracted by
the traditional SFA method described above may not be accurate.

6.3.2 Dynamic Inner Slow Feature Analysis
To improve dynamic modeling performance, multi-step SFA methods were proposed, such

as multi-step dynamic SFA [103] and dynamic inner SFA [153, 184]. Among them, DiSFA
has achieved improved performance since it retains consistent dynamic relations. Inspired
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by the work of DICCA [15], Xu et al. [181] proposed DiSFA to capture dynamics from
discrete time series signals x(k) by optimizing the following objective.

min <(3j — §j)2>t (6.5)
st (5500 =0, (s5)e=1, (8 =1, (si8;)¢ =0 Vi (6.6)

where §;(t) is predicted from LVs of the past d samples,

8;(t) = Z Bisj(t — i) (6.7)

where s;(t — i) is the j™ LV of sample x(¢t — i), 3; are their corresponding weights, and
d is the time lag. The detailed solution of DiSFA can be referred to [153, |, and the
optimization goals of DiSFA and DiCCA are exactly the same. The additional constraint
(83): = 1in Eq. (6.6) imposes a limit for the weight parameters 8 = [31, 5, . . . B4, and
optimal unconstrained values can be assigned to (;, which implies that the main objective
of DiSFA in Eq. (6.5) is to maximize the predictability of the LVs.

After performing DiSFA, a new sample x(k) can be decomposed as follows
x(t) = PG(q ")s(t) + e(t) (6.8)

where P € R™ = [py,p, ..., pi1); G(g)s(t) = Y20, B;s(t —1) is the transfer function of
the dynamic model, and e(t) represents the residuals.

The extracted latent variables can be further separated into slow and fast features as
s(t) = [ss(t),sf(t)], and Shang et al. [117] designed four monitoring indices to detect
anomalies in sy(¢) and s;(¢). First, 7% and T? statistics are designed to detect the static
variations in the slow and fast features respectively. Then, two dynamic indices, S? and
S? are designed based on the temporal slowness of extracted latent variables for dynamic
anomaly detection. More details can be found in [117].

Remark 8 SFA is a special case of DiSFA with the time lag d =1 [127]. It is also noted
that when the linear transformation function Eq. (6.3) is adopted for DiSFA, DiSFA is the
same as DiCCA, which maximizes the auto-correlations of LVs and the predicted LVs from
past samples.

6.4 Methodology

The details of the proposed EWSFA algorithm are presented in this section. First, the
necessity of the proposed work is established, followed by the formulation of the pro-
posed algorithm. A comprehensive dynamic monitoring method is also developed based

on EWSFA.
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6.4.1 Problem Statement and Motivation

SFA constructs a new representation of the original data by learning invariant or slowly
varying features, and it has been widely used in the area of computer vision for pattern
and action recognition [204, , 157]. Shang et al. [117] introduced SFA into the process
systems engineering field to distinguish actual dynamics anomalies from normal changes
in operating conditions, and developed a concurrent SFA-based monitoring strategy. As
indicated in Eq. (6.4), SFA is classified as a first-order dynamic analytics method [19, 127],
since it mainly focuses on the relation between x(t) and x(¢ — 1), while the effect of other
past samples x(t — i) (¢ > 1) are implicitly learned.

Many research efforts have been made to improve temporal modeling performance and
explicitly learn the multi-step dynamics. Similar to other latent variable methods, dynamic
SFA was initially developed by augmenting the input signals with past samples [147],
which makes the dynamics hard to interpret. Repeated signals might also be extracted
for augmentation-based methods. For instance, for the samples containing ramp (x;)
and sinusoidal (x2) variations shown in Figure 6.1, whose actual dynamics order is 2, the
augmented SFA unnecessarily extracts the same frequency (1/e7%2"® ~ 10) in the 2°¢ and
3" LVs, as shown in the fast Fourier transform (FFT) in Figure 6.2.

Auto-regressive models have been combined with SFA to extract higher-order dynamics
by exploiting the weighted combination of past samples with Eq. (6.7) in the works of
[153, , |. These models, which are trained to maximize the predictability of the
extracted latent variables, they have achieved some degrees of success in simulated or
actual industrial processes. However, the slowness properties that the model seeks to
infer from adjacent samples are not always obtained, since weights 5; (i = 1,2,...,d)
will be assigned to past samples only under the constraint <§?)t = 1. To ensure that the
slowness is captured correctly and to guarantee the accurate distinction between normal

operating changes and dynamics anomalies, a suitable constraint should be imposed g;
(i=1,2,...,d).

Exponentially weighted moving average (EWMA) filters are a typical quantitative or
statistical tool to model a time series [71]. It has been widely used in finance [172, 102].
The main idea of EWMA is that lower weights are assigned for older observations and the
weights decay exponentially as the observation time is older. The mathematical formulation

of EWMA is
gr = oy + (1 — a)fi (6.9)

where y; is the current observation, and « is the weight set by the user. Eq. (6.9) is designed
as a recursive function to predict current observation by using previous observations, and
it can be rearranged as

P = ofye + (1= a)yer + (1= @) °yez + -] (6.10)

where the weight of the observation y,_; is a(1 — a)". Since « is set between 0 and 1, the
weights fall exponentially as the observation gets older. However, if a small « is selected,
the weight of one-time lag will be smaller than two- or more time lag which contradicts the
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main idea that lower weights are assigned for older observations exactly. In the following
section, to ensure the consistent decay of the weights, the main concept of EWMA will be
adjusted and adopted in our proposed algorithm.

Another challenge involved with the application of SFA, multi-step SFA, and DiSFA is
related to the indices that must be used in these techniques for efficient fault detection. All
these methods require four monitoring indices, namely T2, T2, S% and S? [147, , ,

| where T? and T? are used to detect deviations from pre-designed operating conditions,
while 52 and S? are for dynamics anomaly detection. However, the differences between
these indices in these two groups remain vague, and thus the inferences from these indices

are not obvious.

6.4.2 Optimization Problem of EWSFA

In this work, an exponentially weighted SFA (EWSFA) algorithm is proposed to ad-
dress the aforementioned issues. Denote the whole training data as X € R™™ =
[x(1),%(2),...,x(n)]", with n samples and each one containing m variables. To ensure
that slowly varying signals are kept in the extracted LVs, in addition to the invariance
between neighboring samples s(t) and s(t — 1), it is also important to guarantee max-
imum similarity among s(¢) and other past series data {s(t —1),s(t —2),...,s(t —d)},
where d is the dynamics order of the collected samples. The subscript j for j** LV is
omitted for ease of representation. Effective integration of the slowness features among
past temporal samples is provided for. Instead of assigning random or equal weights
to {s(t —1),s(t —2),...,s(t —d)} as in existing dynamic SFA methods, it is reasonable
to assume that more recent samples contribute more to the slowness features, Based on
this premise a modified version of an exponentially weighted moving average (EWMA)
filter is adjusted applied in EWSFA as follows. Mathematically, to capture multi-step dy-
namics, for a single sample x(¢), the relation between its current LV s(t) and past LVs
{s(t —1),s(t —2),...,s(t —d)} is expressed as

s(t) = Zo/s(t — i) +e(t) (6.11)

where a (0 < a < 1) is a smoothing constant that satisfies the constraint o > a? > -+ >
a?, and it determines the amount of information secured from past samples. e(t) is the
modeling error. To ensure a slowly varying trend, the difference between s(¢) and §(t) =
Z?Zl o's(t — 1) should be minimized for all samples in X. Accordingly, the optimization

goal of EWSFA is formulated as

I{’lvin ((sj — §j)2>t+1 (6.12)
s.t. <5j>t+1 == 0, <5j2‘>t+1 = ].7 (613)

<'§§>t+1 =1, <3i5j>t+1 =0 Vi#£j

where §;(t+1) is predicted from LVs of the past d samples as §,(t+1) = Zj:l a's;(t+1—1).
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Remark 9 In conventional SFA, the emphasis is solely on the present time t, which is
denoted by the subscript (t). In contrast, our proposed method concentrates on the dynamic
interplay between s and s at time t + 1, where s is predicted using current and past data.

For discrete time series, which is the common form of dynamic data for most modern
manufacturing processes, the objective of EWSFA in Eq. (6.12) is equivalent to

T A

Tt +1)5(t+1 6.14

max s; (4 1)8(t +1) (6.14)

stos] (t+1)s;(t+1) =1, 8 (t+1)8;(t+1)=1 (6.15)

Remark 10 Both EWSFA and DiSFA learn multi-step dynamics from time series data.
Their key difference is that EWSFA emphasizes both multi-step slowness features, and thus
it attaches fewer weights on older samples as in Eq. (6.11). In contrast, DiSFA mainly
focuses on predictability.

6.4.3 The EWSFA Algorithm

The mapping functions g(X) can be designed based on the nature of collected data. For
illustration purposes, a weighted combination form is considered in this work, where g(x) :=
Zthl wp fr(x). The mapping functions f = [f1(x), fo(x),..., fu(x)]" can be linear or
nonlinear functions. Some popular nonlinear algorithms including support vector machine
(SVM) and autoencoder (AE) [111, 110] can be used to achieve the required mappings.
Denote the resulting matrix as Z € R™H = [z(1),2(2),...,2z(n)]", where z(i) = f(x(i)).
The objective of EWSFA in Eq. (6.14) can then be written as

max w'Zj 1 Z48®w]|
w.3 (6.16)
st (| Zaawl| =1, [Za[B @ W]|| =1

where
Zd € RNX(dH) = [Zda Zd—17 R Zl]
ﬁ € Rd = [617627"'7/8(1]—'—

Zi € RNXH = [Zi,Zi+1,...,Zi+N]T (Z = 1,2,d—|— 1), N =n—-—d- 1, and Bl = Oéi
(1=1,2...,d). ® is the Kronecker product operator.

(6.17)

To obtain the model parameters, the Lagrange multiplier \,, is introduced, leading to
LW, \) =W 2], ZoB © W] (6.18)

Aw
+o (1= W' Zg1 Zaaw)

It is noted that the other constraint ||Z4[3 ® w]|| = 1 imposes a bound on the weighting
parameter 3, which is not included in Eq. (6.18) on purpose. The need for this constraint
will be further elucidated later in the chapter.
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Solving the Lagrangian function in Eq. (6.18) with differentiation leads to
-1
(Zis1Zar1)  (Zg1Zs + Z3Zqs1) W = AyW (6.19)

where Zp = Z4|B @1y = Zle BiZg—i+1- Eq. (6.19) indicates that w is the eigenvector of
the matrix

(ZLlZdH)_l (Zj,1Zs5 + ZgZdH) with A, as the largest eigenvalue. Combining the preset
relation in Eq. (6.11), the model parameters of EWSFA can be obtained by conducting
the following relations.

(1) Initialize w with a random unit vector and 8 = [a,a?,...,adT, where ¢ of =
a(l—a?) 1:
l—a =

Construct s; = [s(i),s(i+1),...,s(i+ N)]' =Z;w fori =1,2,...,d+1;
Denote Sy = [84,S4-1, - - -, 81], and normalize s41 by Sg+1 = Sa+1/|[Sa+1]];
Obtain 8.1 = Sy0;

Normalize 8 = B/||S4+1|| and Sg+1 = Sa+1/||Sa+1;

Update w = (2., Zas1) " (Zg1Zs + Z} Zayr), where Zg = S0 BiZai11;

Repeat (2)- (6) until convergence is achieved, and calculate Jg2 = S, 18411

As shown in Step (6), the matrix inversion has to be conducted in each iteration before
convergence, leading to a high computation burden. Further, with Steps (1) - (7), defla-
tion is applied whereby the first set of model parameters is extracted, and their effect is
subtracted from Z for subsequent LVs extraction. The deflation procedure, however, may
make Z rank-deficient, which must be addressed.

6.4.4 Efficient EWSFA

To reduce the computation cost of EWSFA and to address the potential rank-deficient
issue, an economic form of the singular value decomposition (SVD) is adopted to improve
its efficiency |18, 118]. Different from conventional SVD, economic SVD removes zeros from
the diagonal matrix composed of singular values and their corresponding singular vectors.
With the economic SVD, Z;,, is decomposed into

Zgy = Uy DV (6.21)

where D is a diagonal matrix containing nonzero singular values only, and U,,; and V are
its corresponding orthonormal singular matrices. Then the LVs s = Zw can be represented
as

s=(ZvD™') (DV'w) = Uw, (6.22)
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Algorithm 4 The Efficient EWSFA Algorithm

1. Normalize the collected data X to zero mean and unit variance.

2. Perform mnonlinear mapping on X with AE or SVM, and form Z =

{=(i) = £ (x(1)) iy

3. Conduct the economic SVD on Z,1 = {z(i)}d+1+N: Zy1=Uyz DV,

i=d+1

4. LV extraction: Initialize w, with a random unit vector, and B8 = [a,a?,...,a%]T,
d

where « satisfies % = 1. Then repeat the following steps until convergence is

achieved.

. Calculate s = Uw,,, where U = ZVD™!, and form s4,,_; for i =0,1,...,d;

a
b. Denote Sy = [S4,S4-1, - - -, S1], and normalize S411 by Sg11 = Say1/|[Sav1]l;

o

Calculate 84,1 = S48, and normalize 8 and §4,; with its norm ||Sz.1][;

e

Perform eigen-decomposition on Eq. (6.23), and update w, as the eigenvector
with the largest eigenvalue.

5. Deflation:
Z:=7-sp' (6.20)
where p = Z's/s's;

6. Return to Step 3 until [ sets of slow features are extracted.

where U = ZVD™!, and w, = DV'w. U is used to calculate Uy ;1 for Zg ;41 (i =
1,2,...,d). With the defined denotations, Eq. (6.19) can then be rewritten as

(U;—+1Ud+1)_1 (Ug1Ug + UgUdH) Wy = AWy (6.23)

where Uy = 2?21 BiUg_iy1. Due to the orthonormality of Ug,q, the matrix inversion

(ULlUdH)_l is not needed, and thus w, is the eigenvector of (U}HUg —i—UgUdH)
corresponding to the largest eigenvalue.

The details of the efficient EWSFA are summarized in Algorithm 4, and the monitoring
scheme based on efficient EWSFA will be deployed in the subsequent subsection.

6.4.5 EWSFA-based Monitoring Scheme

Based on the nature of EWSFA, a monitoring scheme is designed to detect faulty samples
and dynamics anomalies. The complete set of LVs S € R™™™ can be divided into the
extracted slow features S, € R™! and the fast features S; € R™ (™) where S = [S,, Sy].
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In our work, the number of slow features [ is determined based on the slowness of the
extracted features, which is defined as & = (87,1): = ((Sa41 — 8441)?)¢- It is noted that
based on the proposed optimization goal in Egs. (6.12) - (6.15), the range of S is [0,4]:
S is large (S > 2) when sy and §44 is negatively correlated or not correlated, while
it is smaller than 2 when the slowness is kept between them. In this work, to ensure
the invariance between sy, and S4.1, a threshold of 0.5 is selected; that is, the slowness
magnitude of the extracted [ slow features in S, is smaller than 0.5, while the features in
S have slowness values larger than this threshold.

The following Hotelling’s T2 statistics are designed for the slow and fast features re-
spectively [76].

T% = sg48sk ~ Xa(l) (6.24)
Tff = S;cr,kayk ~x2(m —1) (6.25)
where S = [Sl,ka S2ky " 7Sm,k]T = RTXk: R = W(PTW)ila W = [Wla Wo, - 7wm]7
and P = [p1,p2,--- ,Pm)- Ssi and sy; are independent of each other, and assuming

that they follow the Gaussian distribution, the T2 statistic for s, is approximated with
a x* distribution with I degrees of freedom, and the T7; statistic for sy follows a x
distribution with m — I degrees of freedom. T2, is designed to monitor the static variations
in the dominant slowest features, and T7; is used to monitor the static variations in the
fast features.
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Furthermore, dynamic monitoring statistics are also proposed to detect dynamic anoma-
lies or changes in operating conditions. In EWSFA, the invariance between the current
sample and the past samples is

where §;, = Zle ,BiTsk,i. Tgs and (4 statistics are used to monitor the dynamic anomalies
associated with s, in the principal and residual subspaces respectively.

T2 =5 P,A P8, (6.27)
Qas =8, (I—P4P;) sy, (6.28)

where A = ﬁSTS is the covariance matrix of S, and P, is corresponding loading matrix
as defined in Eq. (6.20) which contains the main variations, which can be obtained by
performing PCA on S. Similar to 72 and T’ 2, T, and Qs can be approximated with y?
distributions, and their control limits are denoted as 73, and 02, respectively. Alternatively,

a combined index ¢4 can be derived by combining T, and Qg [194] as follows
ba = 8, Bysi (6.29)
where ®,; = ::%2 + % = PdAT;lP; + I_Efpg. The control limit of ¢4 is then defined as
ds ds ds ds

Odlim = QXi(h) (630)
where

_u((A®)?)  [n(Ay)]
tr(AD,) r((A®,)?)

tr(-) is the trace of a matrix, and « is the confidence level.

As for any unsupervised learning algorithm, in EWSFA the control limits are established
with normal data, and in the online monitoring stage, 7%, T2 and ¢q can be obtained for
each new sample xy.

o If T2 > x2(l), a fault that affects the static relations among the slow features is
detected with (1 — «) x 100% confidence level;

o If T2 > x2(m —1), a fault that affects the static relations among the fast features is
detected with (1 — ) x 100% confidence level;

o If ¢4 > gx2(h), an operating condition change is identified, or a dynamic anomaly is
detected.

The details of the EWSFA-based monitoring scheme are summarized in Figure 6.3.
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Figure 6.4: The Process Diagram of Eastman Chemical Company Plant

Table 6.1: R? of SFs of DiSFA and EWSFA

i Feature 1 2 3 4 5 6 7 8 9

EWSFA 1 0.9986 0.9973 0.9933 0.9851 0.9811 0.9664 0.9497 0.8988
DiSFA 0.9996 0.9988 0.9953 0.9951 0.9861 0.9639 0.9522 0.9513 0.923

i" Feature 10 11 12 13 14 15 16 17 18

EWSFA  0.8833 0.837 0.8184 0.7178 0.6273 0.1346 0.041 0.0254 0.0015
DiSFA 0.8858 0.8268 0.7986 0.7862 0.697 0.2741 0.1299 0.1038 0.0161

6.5 Case Studies

6.5.1 Eastman Chemical Company

Process Description
In this subsection, a real-world industrial dataset provided by the Eastman Chemical

Company [159] is used to compare the modeling performance of the proposed EWSFA
algorithm over DiSFA. 8640 samples were collected in this process with each contain-
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Figure 6.5: Slow Features Extracted by DiSFA and EWSFA

ing 60 variables. Based on plant-wide oscillation signals, 18 oscillation variables, which
are LC1.PV, LC1.0P, FC1.SP, FC1.PV, FC2.5P, FC2.PV, TI4.PV, TC1.PV, TC1.0P,
FC5.0P, FC5.PV, LC2.PV, LC2.0P, FC8.SP, FC8.PV, TC2.0P, TI8.PV, FI3.PV, are
selected as process variables where F, L, P, and T represent flow, level, pressure, and
temperature respectively|193].

Numerical experiment results

The variations of the first 18 slow features (SFs) extracted by DiSFA and EWSFA are
shown in Figures 6.5a and 6.5b respectively. Figure 6.6 depicts the correlation coefficients
and similarity between the spectral features (SFs) extracted from EWSFA and DiSFA. The
height of each bar in the figure reflects the degree of correlation between the corresponding
SFEs. A taller bar indicates a high degree of correlation, implying that the corresponding SFs
are similar. For instance, in Figure 6.6, the bar positioned at (1,1) displays a large height,
indicating that the first SFs of DiSFA and EWSFA exhibit congruent slowly varying signals.
On the other hand, as shown in Figure 6.6, the SFs extracted by DiSFA and EWSFA are
generally different. For example, in Figures 6.5a and 6.5b, the first two SFs of DiSFA
and EWSFA exhibit the same slowly varying signals, which are also verified in Figure 6.6.
However, in addition to the slow variations, a high oscillating signal is also involved in
SF3 and SF5 of DiSFA, which indicates that DiSFA cannot guarantee a correct extraction
order of slowness. EWSFA in Figure 6.5b successfully overcomes this issue by imposing
a decaying of the weights for increasingly older samples. Table 6.1 shows the R? of SFs
of DiSFA and EWSFA respectively. In Table 6.1, it shows that the R? of the first several
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Figure 6.6: Correlation Coefficients of SFs of DiSFA and EWSFA

SFs of EWSFA is higher than DiSFA. Generally, the first several SFs contain the most
important information about the process. Thus, the sensitivity of EWSFA is higher.

The fast Fourier transformation (FFT) is performed to further identify and visualize
the oscillation period of the plant. Figure 6.7 shows the FF'T results for the first four SFs
of EWSFA. The oscillation period of SF1 is identified by the main peak, and its main cycle
period is 1/e778861 % 20s &~ 7200s, which is consistent with the process description [159].
The FFT results of the first four SFs of DiSFA are summarized in Figure 6.8. The FFT
of the first two SFs shows the same results as in EWSFA. However, for SF3, as outlined
with the red rectangle in Figure 6.8, some peaks at high-frequency positions exist, implying
that fast variations are also involved in the extracted SF in addition to the slowly varying
signal. This corroborates that EWSFA is better able to capture dynamic slow features from
the process with greater accuracy as compared to DiSFA. This is due to the utilization of
the EWMA filtering that ensures that more recent samples have a greater impact on the
slowness features of the industrial process.
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Figure 6.9: The Process Diagram of Three-Phase Flow Facility Plant

6.5.2 Three-Phase Flow Facility

Process Description

A three-phase flow facility simulator developed by Cranfield University is used for demon-
stration of the proposed algorithm. The process includes measurements and control of
the flow rates of air, water, and oil [1411]. The system involves a two-phase separator, a
three-phase separator, and two oil-water separators which are connected with pipelines.
The Emerson Process Management company has designed a Fieldbus-based supervisory,
control, and data acquisition system to manage the entire process [93].

In this process, 24 process variables are measured at a sampling rate of 1 Hz, and
three normal data sets (T, Ty and Tj) are available in the process, where 20 different
operating conditions with four air flow rate set points and five water flow rate set points are
considered. Additionally, six faulty cases are simulated, and the first 23 process variables
are used in faulty cases 1 to 5, while all of the 24 process variables are involved in faulty
case 6. Faulty cases 1-4 occur for three different operating conditions, while faulty cases
5 and 6 occur for two different operating conditions, contributing to a total of 16 sets of
faulty data. It is noted that the variable “Level gas-liquid 3 phase separator" is excluded
in the following analysis since its variations are quite different in the training and testing
stages.

Numerical experiments results

In this case study, DiSFA and DiPCA (dynamic inner principal component analysis [50]) are
chosen to illustrate the advantages of EWSFA-based monitoring scheme. It is noted that
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Figure 6.10: Details of Some Important Variables in Fault 1.2

there are three indices designed for DiPCA which are different from DiSFA and EWSFA.
For DiPCA, the dynamic index ®, is designed through dynamic residuals, and static indices
T? and @, are designed through static residuals. More details about DiPCA-monitoring
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can be found in [50]. For the simulated data, normal operation data sets are used as training
data and the faulty data are selected as testing data. Based on the aforementioned rules of
parameter selection, the number of SFs [ is selected as 10 and the dynamic order d is set as
3. For simplicity, Fault 1.2 and 3.3 are selected for detailed illustration. It is noted that the
monitoring figures for TPFF data are plotted in a semi-log form for better visualization.

An airline blockage is introduced gradually in Fault 1.2 and is removed at the end.
Figure 6.10a shows the air delivery pressure variations in the testing data, and it indi-
cates that several obvious step changes are introduced starting at around 1500"" sample.
The EWSFA-based, DiSFA-based, and DiPCA-based monitoring results are presented in
Figures 6.11-6.13 respectively. As shown in Figure 6.11, EWSFA detects the anomalies in
slow features with T2 at around 1262'" sample, which is even before the change is visually
observed in Figure 6.10a. Compared with Tff, T2 can capture all step changes, while Tff
can only capture the anomalies when their fault magnitudes become large. Further, some
variables, such as the ones in Figure 6.10b, retain oscillations in the beginning period,
which are detected in slow features with T2 but not in fast features. Similar patterns are
observed after the 3777 sample. The T? index indicates that the process does not return
to normal yet after 3777'" sample, which is consistent with the actual variations in the
variable level of the 3-phase separator as shown in Figure 6.10c. However, the fault effect
is not detected in the fast variations with T2 index. Thus, it can be concluded that T2, is
more sensitive than Tff, and it can reflect the main process variations. For the dynamic
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Figure 6.12: DiSFA-based Monitoring Results for Fault 1.2 (semi-log scale)

monitoring index ¢4 in Figure 6.11, only several peaks are detected, which are in line with
the occurrences of the step changes, and these detected anomalies imply the change of
operating conditions.

Compared with EWSFA, T2 of DiSFA in Figure 6.12 also achieves good monitoring
performance. However, DiSFA cannot separate slow variations from fast ones as well,
and some slow variations are still left in the fast features, leading to indistinguishable
monitoring performance of T2 and Tff. As shown in Figure 6.12, there is no peak in
the dynamic index ®, for step change appears at 1262" sample, and for most of the step
changes, @, still raises the false alarms even when the process is steady. Thus, ®, of DiSFA
fails to capture the process dynamics. As shown in Figure 6.13, combining the monitoring
results of T2 and @, of DiPCA, it is shown that DiPCA cannot detect the anomalies from
1262 to 1500™" samples. For @, it cannot detect any dynamics of step changes before
2750 samples and still generates false alarms even when the process is steady. Therefore,
®, of DiPCA can not capture the process dynamics accurately as EWSFA.

The other fault case, Fault 3.3, introduces a top separator input blockage, and it will
affect “Flow rate top separator output" mainly as shown in Figure 6.14. From Figure 6.14,
the top separator input blockage starts at 596" and ends at 9566'". Figures 6.15-6.17
show the monitoring results of EWSFA, DiSFA, and DiPCA respectively. As shown in
Figure 6.15, T7, and T7, can detect the anomalies successfully. Furthermore, as shown in
Figure 6.14, the system does not return to normal immediately after the fault is removed
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system reaches the new steady state.
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Figure 6.13: DiPCA-based Monitoring Results for Fault 1.2 (semi-log scale)
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Figure 6.14: Variable Flow Rate Top Separator Output in Fault 3.3

which can be captured and detected by T2, but not 77,. This difference between T2, and
T}, gives a further verification that TZ, is more sensitive than T72. As aforementioned,
the operating condition changes are detected with the dynamic index ®, after the fault is
introduced. In this fault, it is also identified that the system reaches a new steady-state
at samples between 4200 and 8000*" as shown in Figure 6.14. Then, the monitoring
difference between EWSFA and DiSFA, DiPCA of Fault 3.3 is mainly reflected on the
dynamic index ®;. In DiSFA and DiPCA, samples 4200 to 8000*" are still out of control,
and DiSFA and DiPCA inaccurately predict that dynamic anomalies still exist when the
Also, they fail to detect the large pulses in the

107



Corresponding Indices

2
Tss = = = -Control Limit

0 2000 4000 6000 8000 10000 12000

0 2000 4000 6000 8000 10000 12000
Figure 6.15: EWSFA-based Monitoring Results for Fault 3.3 (semi-log form)

end. Therefore, it can be inferred that the EWSFA’s dynamic monitoring performance is
more precise and responsive than that of DiSFA and DiPCA, particularly when the system
reaches a new steady state. This is because the dynamic features extracted by EWSFA
encompass more significant information about the process than those extracted by DiSFA
and DiPCA.

6.6 Summary

In this chapter, a novel exponentially weighted SFA method is proposed to extract multi-
step dynamics in modern manufacturing processes. To ensure that slowly varying signals
are extracted, EWSFA aims to minimize the difference between the latent variables of the
current sample and historical samples. The exponentially weighted moving average is de-
signed in EWSFA to ensure the decaying nature of temporal variations, and singular value
decomposition is adopted to improve the computation effectiveness. Based on the statistics
of the extracted latent variables, an EWSFA-based monitoring scheme is designed to detect
anomalies in both slow and fast variations, where a novel dynamic index ®, is proposed to
monitor operating condition changes. Case studies with the Eastman Chemical Company

108



Corresponding Indices

sS = = = Control Limit
6 T T T T T

0 2000 4000 6000 8000 10000 12000

0 2000 4000 6000 8000 10000 12000

0 2000 4000 6000 8000 10000 12000
Figure 6.16: DiSFA-based Monitoring Results for Fault 3.3 (semi-log form)

and the Three-Phase Flow Facility illustrate the modeling and monitoring effectiveness of
EWSFA as compared to other methods.
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Figure 6.17: DiPCA-based Monitoring Results for Fault 3.3 (semi-log form)
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Chapter 7

Conclusions and Futhure Work

7.1 Conclusions

Dynamic inner latent variable models (DiLVN) are a type of machine learning model that
can effectively capture the dynamics of the data. The research in this thesis presents
novel variants of these methods and validates them through numerical simulations of in-
dustrial case studies. The novel methods proposed in this work tackle three main issues:
i- treatment of redundant information, ii- full utilization of quality variables’ data, and iii-
interpretability of the results with respect to dynamic behavior.

7.1.1 Methods to Solve the Redundant Information

The findings of this part of the research can be summarized as follows:

1. Owing to the prevalent high sampling rates observed in industrial processes, it is
common for successive sampled data to contain redundant and collinear information.
When utilizing these data directly for modeling and monitoring, sub-optimal perfor-
mance may result. In this research, we propose a novel approach known as Dynamic
Weighted Partial Least Squares (DWPLS) method to address the issue of redundant
information present in neighboring samples.

The DWPLS method effectively reduces the inter-dependency between adjacent sam-
ples by introducing a series of basis functions, such as polynomial and Gaussian bases.
These basis functions play a crucial role in mitigating the impact of redundant in-
formation, thereby enhancing the overall modeling and monitoring performance. To
ensure consistency between the dynamic inner and outer models, the quality scores
are represented using a lagged vector based auto-regressive model within the inner
model. This choice allows for the incorporation of temporal dynamics and helps
capture the time-varying behavior of the data. Furthermore, in the outer model,
the model is designed to maximize the covariance between the output latent scores
and a weighted combination of lagged input scores. These lagged input scores are
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constructed using a weighted summation of the basis functions, contributing to the
comprehensive handling of redundant information and maintaining model consis-
tency.

. The DWPLS method entails a decomposition of the input space into two distinct
subspaces: the dynamic principal subspace and the residual subspace. The dynamic
principal subspace captures the variations in the input data that are directly re-
lated to the output, thereby carrying essential and informative content for modeling
purposes. Conversely, the residual subspace accommodates the information that is
deemed quality-irrelevant, as it does not contribute significantly to the understand-
ing and representation of the output. By segregating the input space in this manner,
DWPLS effectively separates the relevant signal from the noise or extraneous factors
present in the data. This separation enables a more focused and accurate prediction
of the quality, as the dynamic principal subspace predominantly drives the system’s
behavior and influences the output of interest. Through the dynamic principal sub-
space, DWPLS emphasizes the temporal dynamics and dependencies in the data,
which are of paramount importance in capturing the time-evolving characteristics of
the underlying process. In contrast, the residual subspace accounts for uncorrelated
and insignificant variations, which, when included in the modeling procedure, could
lead to suboptimal and misleading results. Thus, the decomposition scheme em-
ployed by DWPLS represents a principled approach to enhance modeling efficiency
by prioritizing salient features while disregarding noise and redundancy. By elucidat-
ing the intrinsic structure of the data and delineating the essential factors affecting
the output, DWPLS contributes significantly to improved modeling accuracy and
performance in various industrial processes. Its capability to discern and utilize the
information residing solely in the dynamic principal subspace underlines the method’s
effectiveness and relevance in addressing the challenges posed by high sampling rates
and redundant information in successive sampled data.

. The case studies section discusses the effectiveness of the algorithm based on the
Tennessee Eastman process and a distillation process which includes the comparison
of prediction performance between DiPLS and DWPLS with different basis func-
tions, the influence of the selection of parameter points, and the effectiveness of the
predictive monitoring schemes.

For the Tennessee Eastman process, it is shown that DWPLS demonstrates superior
predictive performance in comparison to DiPLS. Notably, within the various DW-
PLS variants, DWPLS with polynomial basis function emerges as the top-performing
method, as evidenced by its prediction and monitoring performance, as quantified
by the MSE, FDR, FAR, and corresponding figures. The complexity of industrial
processes leads to intricate variations, but when utilizing Gaussian basis functions,
the generated variations exhibit a relatively simpler pattern. Moreover, the flexibil-
ity of Bézier basis functions is contingent on the number of control points, with its
performance being constrained by the small value of s. Comparatively, polynomial
bases offer greater flexibility and, consequently, yield the most favorable modeling
performance in this specific scenario when contrasted with the aforementioned bases.
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Additionally, an investigation into the influence of parameter points on the modeling
performance of DWPLS has been conducted.

For the distillation process, it can be concluded that all variants of DWPLS ex-
hibit superior performance compared to DiPLS; as evidenced by their smaller Mean
Squared Errors (MSEs), with DWPLS with polynomial basis function demonstrating
the most favorable outcomes. This aligns consistently with the observations drawn
from the TEP case study, further corroborating the superiority of DWPLS with poly-
nomial basis function. The predictive capabilities of DWPLS with polynomial basis
function are visually represented in the corresponding figure. Notably, in contrast
to the TEP case study findings, DWPLS with Gaussian basis function surpasses
DWPLS with Bézier basis function in this particular instance. This discrepancy em-
phasizes that distinct types of basis functions may align more effectively with the
inherent properties of different datasets or processes. Thus, as articulated in Remark
2, a comprehensive evaluation of diverse basis functions should be conducted for each
new case study for accurately estimating the data distribution and identifying the
optimal one.

7.1.2 Methods to Fully Exploit Quality Information

Chapter 4 and Chapter 5 present two snovel approaches aimed at maximizing the utilization
of quality information. These methodologies are specifically designed for comprehensive
monitoring and addressing the issue of missing data imputation respectively.

The findings of DALVM can be summarized as follows:

1. Within the realm of contemporary advanced dynamic inner methods, there exists an
untapped potential in the use of auto-correlations between current and past quality
scores for improved predictions of quality. This underexplored aspect presents an
opportunity for enhancing both modeling and monitoring performance [219]. To
address this gap, we present in Chapter 4 a novel approach referred to as the dynamic
auto-regressive latent variable model (DALVM). This model is designed to effectively
capture the intricate dynamics of quality variables by incorporating information from
both past process samples and past quality samples.

In the context of the outer model, the DALVM is strategically optimized to maximize
the covariance between the quality score and a weighted combination of both histori-
cal process and quality scores. The resulting alignment of the inner with the dynamic
outer model further reinforces the effectiveness of our proposed approach. In con-
junction with the dynamic outer model, our framework includes an auto-regressive
exogenous (ARX) model integrated within the inner model. This ARX model plays a
pivotal role in accurately predicting the quality scores, thereby bolstering the overall
performance and reliability of the DALVM. Our work represents a significant step
forward in harnessing the potential of auto-correlations in quality scores, ultimately
leading to substantial improvements in modeling and monitoring efficacy.
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2. Drawing inspiration from the work of CPLS [132], we explore further advancements
in decomposing the latent structures extracted by the dynamic auto-regressive la-
tent variable model (DALVM). This enhanced approach, concurrent DALVM (Con-
DALVM), represents a significant step forward for improved process monitoring. Un-
like conventional concurrent designs that primarily focus on static processes, our
proposed ConDALVM explicitly addresses the decomposition of dynamic and auto-
regressive variations. Through the utilization of ConDALVM, we effectively exploit
both dynamic and static variations originating from process and quality spaces. This
comprehensive utilization of variations enables us to develop a reliable monitoring
scheme. By encompassing dynamic and auto-regressive aspects in our concurrent
design, we significantly extend the applicability and effectiveness of the monitoring
framework, overcoming the limitations of conventional methods.

3. Within the case study section, we employ a toy example simulation and two industrial
processes to exemplify the efficacy of the proposed Dynamic auto-regressive Latent
Variable Model (DALVM) and Conditional Dynamic auto-regressive Latent Variable
Model (ConDALVM) in terms of modeling and monitoring capabilities.

The synthetic simulation entails generating 1200 samples using Eq. (1) as specified,
with a division of these samples into distinct sets for training, model parameter selec-
tion via cross-validation, and testing. Specifically, the first 800 samples are designated
for model training, the subsequent 200 samples are employed for model parameter se-
lection through cross-validation, and the final 200 samples are reserved for the testing
phase. The analysis of Mean Squared Errors (MSEs) and graphical representations
clearly demonstrate that the predictions obtained from DALVM closely align with
the actual variations in the data, exhibiting the smallest MSEs among all the meth-
ods evaluated. Conversely, the performance of the traditional Partial Least Squares
(PLS) approach proves to be inadequate, primarily due to its limitation in capturing
only static relationships between variables. As for the DiPLS method, it necessitates
the incorporation of additional lag numbers to achieve satisfactory prediction results.
In contrast, the DALVM surpasses the other methodologies in terms of prediction
accuracy, and remarkably, its lag numbers of quality and process variables align con-
sistently with the functional form represented in Eq. (4.44). The examination of
auto-correlations and cross-correlations in the residuals of quality variables for both
DALVM and DiPLS provide insightful findings about the process. Specifically, it is
evident that the residuals obtained through DALVM do not include significant dy-
namic content, which corroborates the comprehensive extraction process employed
by DALVM. Conversely, the residuals obtained from DiPLS retain dynamic varia-
tions even after the application of the method. Notably, this comparison highlights
DALVM’s superior ability to effectively capture and model the auto-regressive struc-
ture inherent in the quality variables, leading to better performance in dynamic
modeling as compared to DiPLS.

Subsequently, the investigation extends to the application of DALVM in the con-
text of two additional industrial processes: 1-the TEP (Test Engineering Platformor
Tennessee Eastman Process) and 2- a Three-Phase Flow Facility dataset.
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For the TEP dataset, upon conducting a comprehensive comparative analysis of
the actual and predicted quality variations among various models, along with the
corresponding Mean Squared Errors (MSEs), important conclusions can be drawn.
Notably, DALVM stands out by attaining the most superior prediction performance,
as evidenced by its smallest MSE and notably minimal required time lag. The predic-
tions generated by DALVM exhibit a remarkable alignment with the actual quality
variations, confirming its capacity to correctly capture and model dynamic cross-
correlations and auto-correlations with heightened precision. As a result, DALVM
proves to be particularly proficient in rendering more accurate representations of the
quality variations, outperforming alternative methodologies in this regard.

For both the TEP dataset and a Three-Phase Flow Facility dataset, based on the
False Detection Rates (FDRs) and False Alarm Rates (FARs) for both ConDALVM
and DiPLS, noteworthy patterns emerge. ConDALVM exhibits lower FARs compared
to DiPLS when dealing with quality-irrelevant disturbances, indicating its superior
ability to accurately reject false alarms in such scenarios. Conversely, in instances
pertinent to quality-relevant disturbances, ConDALVM achieves higher FDRs while
maintaining comparable FARs. This suggests that ConDALVM displays a superior
ability to detect true positives in quality-relevant cases, despite the presence of a
comparable rate of false alarms as observed with DiPLS.

The findings of EDACCA can be summarized as follows:

1. In order to enhance the predictive capabilities of DALVM, an advanced missing data
imputation strategy, is proposed, employing a multi-step ahead prediction method
based on the application of the Efficient Dynamic Auto-Regressive Canonical Cor-
relation Analysis (EDACCA) method. The EDACCA approach aims to establish
dynamic relationships between the current quality sample and a carefully weighted
amalgamation of past process and quality data. Notably, the introduction of two
weighting parameters enhances the flexibility of the model, while various techniques,
including singular value decomposition, are integrated into the calculations to bolster
its overall computational efficiency. By leveraging these improvements, the proposed
strategy seeks to effectively address missing data challenges and elevate the prediction
performance of DALV M.

2. EDACCA offers predictions under the premise of having access to the current and
past s process data, as well as the past d quality data. Nevertheless, the deployment
of diverse sampling rates across various sensors may result in the absence of data from
slower sampling variables. Additionally, the modeling and monitoring performance
may suffer in the presence of faults affecting certain variables. As a remedy, the
implementation of multi-step-ahead (MS) predictions becomes imperative to circum-
vent the constraints imposed by regular sampling rates and the deleterious effects of
faulty data. In pursuit of this objective, an extension of EDACCA is devised to ac-
commodate an MS prediction scheme, enabling greater adaptability and robustness
in handling the challenges associated with variable sampling rates and data pollution
from faults. Furthermore, the derived models can be effectively harnessed for diverse
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objectives, including fault monitoring and diagnosis, as elucidated in the scholarly
work by Xu and Zhu [185]. Moreover, in the context of practical industrial pro-
cesses, the presence of irregular sampling poses significant challenges. To overcome
this challenge, the developed MS prediction scheme is introduced as a missing data
imputation approach, thereby offering a viable solution to cope with the prevalent
issue of missing data in quality variables.

. Within the case study section, we conduct a comprehensive evaluation of the model-
ing and imputation efficacy of the proposed EDACCA framework using two industrial
processes: the Tennessee Eastman process (TEP) and a wind process. These indus-
trial processes were carefully selected to rigorously assess the performance and appli-
cability of EDACCA in real-world scenarios. The choice of these distinct processes
enables a thorough investigation into EDACCA’s ability to accurately model dy-
namic relations and effectively address missing data imputation challenges, thereby
providing valuable insights into its potential applicability across various industrial
domains.

. For TEP, a comparative analysis is conducted among several advanced dynamic al-
gorithms, namely EDACCA, DACCA, DAPLS, DiPLS, and sDiCCA. The model
parameters are estimated through the utilization of cross-validation, ensuring robust-
ness and reliability in the assessment. Subsequently, the prediction results of these
models, along with their corresponding mean squared errors (MSEs), and coefficients
of determination (R?), are meticulously summarized. The comparison reveals that
EDACCA, DACCA, and DAPLS outperform dynamic inner LVMs such as DiPLS
and sDiCCA in terms of prediction performance. Notably, EDACCA emerges as
particularly noteworthy, as it demonstrates the ability to more accurately capture
system dynamics, leading to the best predictive modeling performance among all
examined models. This superiority is evidenced by its smallest MSE and largest R?.

The predictive contributions from the dynamic cross-correlations ng and the dy-
namic auto-correlations ng are further studied. With the added flexibility intro-
duced into EDACCA, the model puts more weight on the auto-regressive relations
among quality samples, and it achieves the best performance among these models.
It is noted that unsupervised DiCCA purely learns the auto-regressive relations in
quality samples, but its performance is not as good as EDACCA without the fil-
tering effect brought by the process variables. Similarly, only learning the dynamic
cross-correlations in sSDICCA does not generate satisfactory outcomes, since qual-
ity information is not fully exploited. Consequently, the superior performance of
EDACCA is attributed to its enhanced flexibility, enabling it to effectively capture
and leverage both the dynamics of cross-correlations and auto-correlations.

Furthermore, to demonstrate the enhanced computing efficiency of EDACCA in com-
parison to DACCA, we conducted a comprehensive experiment on the Tennessee
Eastman Process (TEP) dataset. For this analysis, we meticulously selected 100
rounds of data, comprising a total of 10,000 samples. Subsequently, these samples
were partitioned into 10 groups, each containing an increment of 1,000 samples. Both
EDACCA and DACCA were individually trained on these 10 groups of datasets,
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and their respective computing times were recorded and summarized in the semi-
logarithmic form to facilitate clearer visualization. The model training was performed
on a laptop computer equipped with a CPU (Intel(R) Core(TM) i7-10750H CPU @
2.60GHz 2.59 GHz) and a GPU (NVIDIA GeForce RTX 2070 with Max-Q Design)
using the MATLAB environment. The results conclusively reveal that EDACCA
exhibits significantly improved computational efficiency when compared to DACCA.
This notable advantage can be attributed to EDACCA’s adoption of a more efficient
matrix inversion approach, that facilitates handling of ill-conditioned matrices and
instability issues that may arise during computation. Notably, EDACCA achieves
comparable computing time with DAPLS, a model that does not entail matrix in-
versions in its training stage. This further underscores the computational efficacy
of EDACCA, positioning it as a practical and efficient choice for dynamic relation
modeling tasks. While many of these calculations can be performed off-line, changes
in industrial processes may require model updates thus making fast computation an
attractive property of this algorithm.

. For the wind process, it is observed that the prediction performance of EDACCA,
DACCA, and DAPLS is better than DiPLS and sDiCCA, with EDACCA performing
the best, which is consistent with the TEP case study. To further illustrate the pre-
diction effectiveness of EDACCA, the EDACCA-based MS prediction performance
is compared with DiPLS, DiCCA [52], random forest regression (RFR) [36] and long
short-term memory network (LSTM) [78], with different time steps. Their parame-
ters are selected with a cross-validation method to achieve their optimal performance,
and the MS prediction results of these models are summarized. Broadly speaking,
it is observed that as the time step h increases, the predictive uncertainties escalate,
and this is reflected in the MSEs across all the considered methods. Nevertheless,
EDACCA method consistently exhibits superior predictive performance in compar-
ison to the alternative models. This pronounced supremacy of the EDACCA-based
multi-steps-ahead model corroborates its robust capacity for forward predictions.
Such proficiency implies that the EDACCA approach excels in capturing intricate
temporal dynamics and provides more accurate forecasts for multiple time steps into
the future when contrasted with the benchmark models under examination.

Two distinct types of missing data have been intentionally introduced into the wind
power dataset for experimental purposes: Missing Completely At Random (MCAR)
and Missing Not At Random (MNAR). MCAR is to mimic the general scenario for
missing data, and MNAR is to simulate the case when different frequencies are set
for process and quality variables.

In the context of the Missing Completely At Random (MCAR) condition, specific
proportions of data samples (1%, 5%, 10%, 20%, 30%, and 40%) are deliberately
removed at random from the training dataset. The evaluation of missing data impu-
tation methods involves a comparative analysis of five distinct techniques. These
methods include: EDACCA-based imputation, generative adversarial imputation
nets (GAIN) [189], linear regression (LR) imputation, duplication (Dup) and dedupli-
cation (DeDup) method. Across all examined scenarios, the EDACCA-based impu-
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tation strategy consistently demonstrates superior performance, yielding the smallest
Mean Squared Error (MSE) when compared to the alternative imputation methods.
Remarkably, even in the presence of a progressive increase in the missing rate, rang-
ing from 1% to 40%, the imputation performance of the EDACCA-based approach
remains consistently stable and robust. This finding corroborates the remarkable
efficacy and resilience of the EDACCA-based imputation technique in handling miss-
ing data, irrespective of its amount relative to the available data. The observed
consistency in performance highlights the method’s capacity to effectively capture
and leverage the underlying contextual correlations, thereby mitigating the impact
of missing values.

In order to replicate the Missing Not at Random (MNAR) phenomenon arising from
variations in sampling rates of quality and process variables, the gathered quality
data are retained at regular intervals referred to as S steps, where S represents the
number of sampling steps. For the specific case of the wind dataset, the chosen
steps are required to be divisors of 24. Consequently, we select the values 2, 3, 4, 6,
and 12 as appropriate intervals. Subsequently, four distinct imputation techniques,
namely EDACCA, LR, Dup, and DeDup, are employed to handle the MNAR scenario
present in the dataset. As the magnitude of the step increases and the proportion of
missing data grows more pronounced, the efficacy of the EDACCA-based imputation
method becomes increasingly apparent, as evidenced by its ability to yield smaller
Mean Squared Errors (MSEs). These observations lead to the conclusion that, par-
ticularly in scenarios where the rate of missing data is substantial, the utilization of
the EDACCA imputation approach results in more precise and accurate estimations,
thereby facilitating effective compensation for the absent data.

7.1.3 Development of Interpretability for Time Series

The reported dynamic extensions of multivariate statistical methods currently lack a robust
and interpretable framework for explaining dynamic relationships among the slow features.
Additionally, these extensions face the challenge of potential rank deficiency when resolving
the dynamic model. In response to these critical issues, this study introduces a novel ap-
proach known as "Exponentially Weighted Slow Feature Analysis" (EWSFA). This method
is specifically designed to address the aforementioned limitations by explicitly extracting
multi-order dynamics in modern manufacturing processes.

The findings of this part of the research can be summarized as follows:

1. EWSFA minimizes the difference between the LV of the current sample and the
predicted LV formed by the weighted combination of past samples. Different from
dynamic inner LVMSs, the exponentially weighted moving average [71]| is used to
weight past samples, which is in line with the decaying nature of time series for in-
creasingly older observations. The efficiency of EWSFA is further improved with the
aid of full-rank decomposition. Denote the whole training data as X € R™"™ =
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[x(1),%(2),...,x(n)]", with n samples and each one containing m variables. To en-
sure that slowly varying signals are kept in the extracted LVs, in addition to the invari-
ance between neighboring samples s(¢) and s(t — 1), it is also important to guarantee
maximum similarity among s(¢) and other past series data {s(t — 1), s(t — 2),...,s(t — d)},
where d is the dynamics order of the collected samples. The subscript j for j®* LV
is omitted for ease of representation. Instead of assigning random or equal weights
to {s(t—1),s(t—2),...,s(t —d)} as in existing dynamic SFA methods, it is rea-
sonable to assume that more recent samples contribute more to the slowness, and
thus the idea of exponentially weighted moving average (EWMA) is adjusted and
adapted in EWSFA. To reduce the computation cost of EWSFA and address the
potential rank-deficient issue, an economic form of the singular value decomposition
(SVD) is adopted to improve the computational efficiency |18, |. Different from
conventional SVD, economic SVD removes zeros from the diagonal matrix composed
of singular values and their corresponding singular vectors.

. Based on the nature of EWSFA, a monitoring scheme is designed to detect faulty
samples and dynamics anomalies. The complete set of LVs S € R™*™ can be divided
into the extracted slow features Sy € R™*! and the fast features Sy € R (=D where
S = [S;, Sy]. In our work, the number of slow features [ is determined based on the
slowness of the extracted features, which is defined as & = (83, )¢ = ((Sa+1—84+41)%):-
It is noted that based on the proposed optimization goal in Egs. (6.12) - (6.15), the
range of S is [0,4]: S is large (S > 2) when sy and 8441 is negatively correlated or
not correlated, while it is smaller than 2 when the slowness is kept between them.
In this work, to ensure the invariance between s;,; and S4.1, a threshold of 0.5 is
selected; that is, the slowness of the extracted [ slow features in S, is smaller than
0.5, while the features in Sy have slowness values larger than the threshold.

. The present study centers around an in-depth examination of the monitoring per-
formance of the proposed EWSFA. To demonstrate the efficacy of the monitoring
scheme based on EWSFA, the TEP and Three-Phase Flow Facility are selected as
case studies. These chosen processes serve as illustrative examples to showcase the
effectiveness and efficiency of the EWSFA-based monitoring approach in practical
industrial settings.

Based on these two case studies, there are several conclusions: (1) The R? of the first
several SFs of EWSFA is higher than DiSFA. Generally, the first several SFs contain
the most important information about the process. Thus, the predictability of SFs
extracted by EWSFA is not weakened and more useful information can be extracted
by EWSFA. (2) One can deduce that EWSFA is better able to capture dynamic slow
features from the process with greater accuracy compared to DiSFA. This is due
to the utilization of EWMA and the assumption that more recent samples have a
greater impact on the slowness in EWSFA, which aligns well with the characteristics
of the real industrial process. (3) It can be inferred that the EWSFA’s dynamic mon-
itoring performance is more precise and responsive than that of DiSFA and DiPCA,
particularly when the system reaches a new steady state. This is because the dy-
namic features extracted by EWSFA encompass more significant information about
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the process than those extracted by DiSFA and DiPCA.

7.1.4 Suitability of Each Method

To facilitate the selection of appropriate methodologies tailored to specific processes, this
section will undertake a comprehensive evaluation of the applicability of each method
developed within this thesis.

DWPLS has been introduced as a solution designed to address non-linearity and the
presence of redundant information among adjacent samples. Consequently, DWPLS proves
particularly well-suited for industrial processes characterized by heightened non-linearity
and the presence of redundant information due to factors such as high sampling rates and
gradual continuous slow process changes.

Turning our attention to DAPLS and EDACCA, the core premise of these methods
centers around the optimal utilization of historical quality data. Thus, their relevance
is heightened in scenarios where access to such historical quality data is readily available
within industrial processes. Furthermore, DAPLS excels in monitoring industrial processes,
while EDACCA emerges as the preferred choice for applications involving the imputation
of missing data.

As for EWSFA, it boasts a distinctive dynamic structure well-suited for the analysis
of time series data. Its particular strength lies in its capacity to extract gradual variation
features from a given process. Consequently, EWSFA is most aptly applied in industrial
settings marked by the presence of oscillatory signals. Through its noise-filtering capabili-
ties, EWSFA excels in capturing and elucidating these oscillatory.

7.2 Future Work

As described in previous chapters, DWPLS was proposed to address the redundancy be-
tween adjacent samples, and dynamic auto-regressive latent variables methods (DALVM
and EDACCA) were proposed to fully exploit process and quality information, which have
demonstrated their effectiveness in both numerical simulations and simulated industrial
processes. Following the results of this thesis, the following topics are proposed for future
study:

1. The probabilistic forms of many traditional latent variable models were proposed to
improve their robustness, and probabilistic latent variable models (PLVM) not only
provide an explicit explanation of model structure but also retain the ability to draw
new samples from a given probability distribution. Traditional PLVM introduced
a mixture structure to handle more complex data structures, but the information
contained in the past samples is not exploited in these models, and thus dynamics
are ignored. To address this issue, past information will be incorporated into PLVM
resulting in a dynamic algorithm to be referred to as DPLVM. Further, DPLVM
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with a deterministic term (DPLVM-DT) could be developed to improve its modeling
accuracy for unsupervised predictive performance.

2. As described in Chapter 2, supervised learning algorithms are widely used when
quality data are difficult to obtain in a timely manner. In the outer model of tradi-
tional PLS, process and quality latent variables are calculated by maximizing their
covariance, and then its inner model is used to capture the linear regression relation
between process and quality latent variables. In contrast, probabilistic PLS does not
have an inner model, and a part of the process latent variables needs to be used to
construct the relations between process and quality latent variables. In future work,
in order to consider dynamic variations, the dynamic probabilistic PLS model can
be designed to address these issues.

3. Compared with traditional LVMs, neural networks obtain good and robust perfor-
mance for non-linear processes, whose model structure, however, is not as explicit
as for traditional LVMs. In recent years, integrating neural networks and LVMs is a
popular research field. Andrew et al. |1 1] proposed deep canonical correlation anal-
ysis (deep CCA), where both X and Y are performed with multiple stacked layers
of nonlinear transformation, and then regular CCA is performed on pre-treated X
and Y. It has been recognized that deep CCA can capture higher correlation values
between X and Y and some work has been reported.

However, the reported methods on this subject are just a direct combination of LVMs
and neural networks, and X and Y have been compressed twice which inevitably
increases the information loss. To address this issue, in future work, we would like
to effectively integrate the neural network models into the objectives of static and
dynamic LVMs. For static and dynamic PLS, input and output are projected to
latent variable spaces where their covariance is maximized. Considering that the
objective of AEs is to capture reduced-dimension and main variance of the input
data, the data compression step can be replaced by AEs. This design can provide
a nonlinear description of the data and develop an explicit interpretable nonlinear
model structure.

4. The aforementioned methods should be applied and tested in real-world industrial
processes, where a waste treatment process (WTP) from our industrial partner,
Anaergia Inc.t, will be used in my work. The main goal of the whole project with
Anaergia Inc. is to optimize the waste-to-resource plants in Anaergia by developing a
set of advanced time series, machine learning, and reinforcement learning algorithms,
aimed at improving predictive modeling performance and realizing an automatic pa-
rameter tuning and optimization mechanism. In order to achieve it, it is important to
develop a good understanding of the processes first. Then, since complex dynamics
and nonlinearity are involved in these processes, the developed methods in Chapters
3 to 6 can be applied and adapted to model the WTPs.

thttps://www.anaergia.com /
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