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Abstract

In recent years, artificial intelligence (Al) has emerged as a transformative technology
in various fields, including pharmaceutical processes. The integration of Al in pharma-
ceutical manufacturing offers significant potential for enhancing process monitoring, fault
detection, and predictive modeling. By leveraging advanced machine learning and deep
learning algorithms, AI enables the development of detailed models that can handle the
complexities and nonlinearities of biopharmaceutical processes. These models facilitate
real-time monitoring, allowing for the early detection of process deviations and faults,
which is crucial for maintaining product quality and efficiency. Additionally, Al-driven
modeling approaches provide deeper insights into the dynamic behavior of biochemical
pathways, offering valuable tools for optimizing production and ensuring regulatory com-

pliance.

The current work investigates the application of machine learning/deep learning algo-
rithms in chemical engineering processes, with a particular focus on bio-pharmaceutical
processes. Due to tight regulations, pharmaceutical operations are operated within a small
range of conditions, resulting in an insufficient amount of faulty data for training a su-
pervised process monitoring model. Furthermore, critical information about faults, such
as the type of fault, the time of fault occurrence, and the magnitude of the fault, is often
unavailable in bio-processes due to limited availability of informative online sensors. This
lack of detailed fault data makes it impractical to train supervised models for fault detec-
tion and diagnosis, as these models require comprehensive and accurately labeled datasets
to function effectively. Consequently, developing robust and reliable unsupervised models
becomes essential for effective process monitoring and fault diagnosis in these scenarios.
To this end, this work focuses on unsupervised learning based algorithms that do not re-
quire labeled data and instead they identify deviations from normal operating conditions.

Within the framework of unsupervised learning the following aspects are tackled:

i- An unsupervised PLS-AE (Partial Least Squares-Autoencoder) model is proposed



for online batch process monitoring. Detection by this algorithm is based on a novel loss
function for training which focuses on maximizing the fault detection rate. This results in
more accurate process monitoring models compared to those trained with the classical loss
function of minimizing the mean square of reconstruction error. It will be shown that the
PLS-AE model trained with the novel loss function and utilizing dynamic upper control

limits can surpass other models, including PCA, PLS, and PLS-AE models.

ii- Following the development of the PLS-AE model approach this thesis further devel-
ops unsupervised deep LSTM-AE (Long Short Term Memory Autoencoder) models which
are more suitable for capturing dynamic nonlinear patterns. These models utilize the novel
loss function and dynamic upper control limits, enhancing their fault detection capabilities.
The effectiveness of these LSTM-AE models is demonstrated through rigorous testing on
three case studies: the penicillin batch fermenter simulator, the real-world whooping cough
vaccine manufacturing process at Sanofi Toronto, and the lab-scale diphtheria process at

Sanofi Toronto.

iii- To address the interpretability of deep learning models, this work proposes two
novel algorithms for generating contribution plots for H? and SPE statistics, enabling
the identification of the root causes of faults. This advancement significantly improves
the interpretability and diagnostic capabilities of autoencoder-based process monitoring
models, making them more practical and effective for real-world applications. Furthermore,
due to the unavailability of fault information in the real-world Sanofi processes, this work
proposes a new metric based on the amount of violation of process monitoring metrics
compared to their upper control limits to assess the effectiveness of process monitoring
models. The new proposed metric can be utilized to detect low productivity batches

(faulty batches) before the end of the fermentation.

iv- To address over-fitting, hybrid models are developed for process monitoring and
modeling. For the process monitoring task, this work proposes a novel hybrid framework

that combines deep LSTM-AE models with exact equations of process controllers. In this

vi



framework, manipulated variables are excluded from the input and output layers of the au-
toencoder. To preserve their data in the process monitoring model, they are reconstructed
through the controller equations fed by the reconstructed controlled variables. Remov-
ing manipulated variables from the input and output layers of the autoencoder results in
a neural network model with fewer parameters to tune compared to non-hybrid autoen-
coders that include manipulated variables in the input and output layers. The proposed
hybrid LSTM-AE models are tested on two case studies: the penicillin batch fermenter
simulator and the Tennessee Eastman process under a decentralized control strategy. The
proposed hybrid LSTM-AE models not only reduce the size of the model and the risk of
overfitting but also achieve higher process monitoring efficacy by utilizing perfect models

of controllers.

v- To further tackle the problem of over-fitting, this work proposes a novel modeling
approach named Metabolic Graph Neural Network (MGNN). This approach imposes a
priori knowledge about the metabolic pathways of a microorganism onto the architecture
of multi-layer neural network models to represent the dynamic behavior of the cell culture.
To capture the nonlinear dynamic behavior of each metabolite, a sub-neural network is
considered. The input layer of each sub-neural network model is designed based on the
reactions in which the metabolite is involved. This results in a smaller neural network
where not all layers and units are connected, thereby reducing the risk of overfitting. The
proposed hybrid modeling framework is tested on the metabolic pathway of oxidative stress
in Bordetella pertussis bacteria cells. By using the a priori known metabolic network,
the proposed MGNN model effectively reduces the overfitting issue compared to a fully
connected network that does not use metabolic network knowledge. The MGNN exhibits
a superior fit for both training and testing datasets. Additionally, the proposed MGNN
is highly interpretable, as it efficiently computes the relevance of each metabolite on any
other metabolite by applying gradient computation and back-propagation operations to

the neural network. The model is also shown to be useful for fault detection.
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In summary, by tackling typical aspects of bio-process modelling including lack of mea-
surements, nonlinear process dynamics and data over-fitting, this work advances the ap-

plication of deep learning algorithms for monitoring of industrial bio-processes.
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Chapter 1

Introduction

Optimization of bioprocesses is crucial for ensuring the quality, efficiency, and safety of final
pharmaceutical products. Fault detection and diagnosis, collectively referred to as online
process monitoring, are key tasks for ensuring process optimality by offering the means to
identify, mitigate, and prevent deviations that could compromise product integrity or/and
production efficacy [Aghaee et al., 2024a]. Traditional fault detection methods often utilize
rule-based approaches or multivariate statistical techniques like principal component anal-
ysis (PCA) [Wise et al., 1990] and partial least squares (PLS) [MacGregor et al., 1994].
Although these methods can be effective in certain contexts, they often face challenges
when dealing with the complexity and variability inherent in bioprocesses [Mouzakitis,
2013]. Pharmaceutical processes are mostly carried out in batch or fed-batch modes to
minimize contamination risks [Kumar et al., 2020], resulting in operations that cover a
wide range of operating conditions and exhibit highly nonlinear behavior, unlike contin-
uous processes that typically operate near a specific steady state thus allowing for linear

modeling approximations.

In recent years, there has been substantial emphasis on improving global methodolo-



gies for real-time process monitoring, especially after the Food and Drug Administration
(FDA) introduced the Process Analytical Technology (PAT) guidance [Darrow et al., 2020]
that encourages the use of this technology. Artificial intelligence, with its capability to au-
tonomously learn hierarchical data representations, has transformed fault detection and
diagnosis across numerous industries [Swami et al., 2023]. Due to their ability to identify
complex nonlinear patterns from extensive datasets, deep learning based methods have
resulted in significant improvements in precision and reliability of fault detection systems
in pharmaceutical bioprocesses. These applications involve training deep learning models,
such as convolutional neural networks (CNNs) [Albawi et al., 2017], recurrent neural net-
works (RNNs) [Salehinejad et al., 2017], or hybrid architectures [Kilicarslan et al., 2021},
that were applied to large datasets containing various process variables and operation de-
tails. Despite ongoing research in this area, the pharmaceutical industry’s adoption of
deep learning techniques is still in its early stages. This thesis aims to address this gap by
investigating the application of advanced deep learning techniques for process monitoring,

diagnosing process faults and for biosystems’ modeling.

For the task of fault detection and diagnosis, four case studies were investigated in the
current work: the whooping cough vaccine manufacturing process at Sanofi Toronto (the
industrial collaborator for the current work), the lab-scale process for Diphtheria at Sanofi
Toronto, the Tennessee Eastman process, and an industrial-scale simulator of the Peni-
cillin batch fermentation process. For the task of modeling, the oxidative stress metabolic
pathway in Bordetella pertussis fermentation was considered to develop a novel metabolic
graph neural network for modeling its dynamic behavior [Aghaee et al., 2024b]. The use of
simulator case studies of the Tennessee Eastman process and the Penicillin batch process
were motivated by the need to proof the effectiveness of the proposed methodologies based
on full a priori knowledge of the faults entering the system. Then, the same methodolo-
gies were applied to real-world industrial processes currently operated at Sanofi-Pasteur

(Toronto) where the faults were not known.



Bioprocesses are highly sensitive to fluctuations in operating conditions such as temper-
ature, pH, oxygen, and nutrient levels. Changes in these conditions will result in deviations
from normal operation thus leading to faulty operation. While minor disturbances can of-
ten be managed by standard controllers like PIDs, significant deviations typically require
operator intervention or even a temporary shutdown for detailed inspection. Consequently,
in this work, a fault is referred to any process variation that drives the process variables
beyond their normal ranges thus motivating process interventions or the need to search for
the source of the fault [Gunther et al., 2007].

Therefore, defining the normal operation of a bioprocess in terms of acceptable ranges of
process variables is essential for implementing a fault detection algorithm. This normal
operation must consider both productivity and quality. However, the challenge lies in the
lack of precise measurements of these properties, making it difficult to accurately differ-
entiate between normal and faulty states. For instance, productivity evaluations using
techniques like ELISA, HPLC, and other titer analyses may be highly inaccurate due to
sensor noise thus compromising the effectiveness of detection algorithms based on such
measurements. Also, the source of faults is often unknown in industrial processes which
precludes the calibration of models that relate faults to quality variables [Lim et al., 2023].
These challenges often motivates the choice of unsupervised learning techniques over su-
pervised ones [Hastie et al., 2009]. Unsupervised learning methods involve models that
identify patterns and structures in data without the need for labeled samples that define
normal operation, such as the desired quantity or quality of the product. Thus, unsuper-
vised methods aim to derive meaningful representations or features from the input data
itself. In contrast, supervised learning models are based on the relation between measured

inputs, which may include known faults, with labeled outputs.

A significant issue in the Pertussis Vaccine Manufacturing process for whooping cough

at Sanofi is the inconsistency in the production of Pertactin (PRN), one of the vaccine’s



key antigens. Similarly, the lab-scale Diphtheria process faces variability problems in its
final fermentation yield. To reduce this variability, it is necessary to identify its root cause
using the available measurements. The data for this study is primarily drawn from Sanofi’s
extensive historical database, covering the manufacturing of the whooping cough vaccine
and the lab-scale batch process of Diphtheria over several years of process operation. This
data encompasses frequent measurements from upstream fermentation processes, including
dissolved oxygen levels, aeration rates, and agitation rates. Despite the abundance of pro-
cess data from Sanofi, detailed mathematical models of their processes are not available.
Another challenge is that the sources of variability in Sanofi’s processes have not been
fully identified, unlike simulator case studies where these faults are evidently available a
priori. Lack of knowledge about the faults rules out the development of supervised learning
algorithms for these processes thus motivating the use of unsupervised learning algorithms

to detect abnormal operations.

A significant additional challenge in fault detection with deep learning models is over-
fitting due to insufficient training data for calibration of large models with noisy data.
Overfitting leads to inaccurate predictions for unseen data, affecting fault detection accu-
racy. Conventional methods to mitigate overfitting include reducing model size or aug-
menting the dataset. However, smaller models may fail to capture process intricacies, and
data collection can be costly [Yu and Zhang, 2023]. Gray-box or hybrid models combine
mechanistic and empirical model-based techniques to enhance predictive capabilities and
reduce reliance on training data [Pistikopoulos et al., 2021]. These hybrid models integrate
mechanistic and empirical components either in serial or parallel architectures [Fontes and
Budman, 2017]. However, the performance improvement of a hybrid model-based approach
over a purely empirical approach largely depends on the accuracy of the available mechanis-
tic model. This problem is particularly relevant to pharmaceutical systems where models

are often inaccurate due to the variability of biochemical processes.



Moreover, overfitting can be further understood in terms of the discrepancies between
the process and the model, which can originate from two main sources: noise and model
structure error. In an ideal scenario, where the model structure exactly matches that of
the process—although this is practically unattainable—an infinite amount of data would
enable the model to learn the precise parameters, with noise being averaged out over
time. However, in real-world settings, model structure error is inevitable. This error,
which is often non-Gaussian and not mean-centered, prevents noise from being completely
averaged out, even with an infinite dataset. This is particularly significant when dealing
with nonlinear models, where the formalization of these concepts is far more complex than
in linear systems, making it difficult to establish clear theoretical boundaries for overfitting

prevention.

Thus, while the development of advanced architectures and hybrid models offers ways
to improve accuracy, managing overfitting requires balancing model complexity with data
quality and amount. Additionally, enhancing the quality of the mechanistic models, where
possible, is critical to the success of hybrid approaches, especially in complex and variable

systems like pharmaceutical processes.

The thesis is organized into chapters dealing with the different challenges of unsuper-

vised fault detection that were identified above.

In Chapter 3, we evaluated the effectiveness of unsupervised deep learning process moni-
toring algorithms compared to traditional multivariate statistical methods such as PCA and
PLS by developing an innovative deep learning autoencoder (AE), termed PLS-AE. This
model was specifically designed for monitoring the simulator benchmark of penicillin batch
fermentation. Autoencoders are generally recognized as the nonlinear extension of the un-
supervised PCA algorithm because they compress the input space into a lower-dimensional
space, referred to as hidden variables, through the encoder component. Subsequently, the
decoder component reconstructs the input space utilizing these hidden variables. Since the

encoder compresses the data into a lower dimensional space, the hidden variables in the



AE model can be viewed as equivalent to the principal components in conventional PCA

and PLS algorithms.

However, unlike PCA and PCA-AE models, the proposed PLS-AE model requires an
output variable similar to its linear counterpart. To address this, we employed process
time as a dummy output variable for training the PLS-AE model. This model not only
includes encoder and decoder components, as in standard AE models, but also incorporates
an additional neural network component parallel to the decoder. This additional compo-
nent is responsible for reconstructing the dummy variable of process time. Additionally,
we proposed a novel loss function for training the model that directly maximizes the fault
detection rate, contrasting with the classical loss function of minimizing the mean square
error of reconstruction errors. For the task of process monitoring and fault detection, this
work employs dynamic metrics of H? and SPE, which are equivalent to Hotelling’s T2 and
(Q—statistics in conventional PCA and PLS algorithms. In Chapter 3, we demonstrate that
deep learning models, due to their ability to capture greater nonlinearity and dynamics
of the process, exhibit superior performance in monitoring the penicillin benchmark case.
The models are trained using a novel loss function aimed at maximizing fault detection
rate and employing dynamic process monitoring metrics thus outperforming traditional

methods that minimize reconstruction errors but do not focus on the detection task.

Building on the idea of the detection oriented loss, Chapter 4 proposes unsupervised
multi-layer long short-term memory autoencoder (LSTM-AE) models for monitoring non-
linear pharmaceutical batch processes. The motivation for developing LSTM-AE models
for process monitoring stems from their potential to better capture the nonlinearity and
dynamics of the data. This methodology was tested on both the industrial-scale peni-
cillin simulator and the whooping cough vaccine manufacturing process at Sanofi Toronto.
Consistent with 3, the proposed model was trained using two different loss functions:

minimizing the mean square error (MSE) between the input and reconstructed data, and



maximizing the average fault detection rate (FDR) in the training dataset.

As previously noted, in most real-world processes, labeled datasets and information re-
garding faults are typically unavailable thus making unsupervised algorithms the method
of choice for process monitoring. Due to the lack of strategies for diagnosing faults using
unsupervised deep learning process monitoring models, this chapter proposes two algo-
rithms for obtaining contribution plots for the diagnosis of faults. For the industrial case
study, where the faults are not known a priori, the contribution plots are found to be
a valuable tool for identifying possible sources of faults. Furthermore, a semi-supervised
procedure has been proposed for the industrial study to select the normal process region

for training the model.

Two metrics are also presented to evaluate the performance of the proposed methodol-
ogy: one for the simulator case study, where fault knowledge is available, and one for the
industrial case study, where fault knowledge is not available a priori. In the simulator case
study, since fault knowledge is available, the fault detection rate is used to evaluate the
performance of the methodology by counting the number of samples correctly identified as
normal or abnormal. However, for cases where fault information is unavailable, such as the
industrial case study in Chapter 4, this metric cannot be calculated. Instead, we proposed
a novel metric based on the magnitude of the cumulative violations of process monitoring
upper limits (H? and SPE). The proposed unsupervised LSTM-based algorithms demon-
strate a clear improvement in accuracy compared to linear methods or nonlinear techniques

that do not explicitly account for dynamic behavior.

To address the problem of overfitting mentioned above, Chapter 5 introduces a novel
serial hybrid process monitoring model that integrates unsupervised deep LSTM-AE mod-
els, known for capturing process nonlinearity as shown in Chapter 4, with the exact models
of process controllers to enhance fault detection. The key innovation is the integration of

an exact mechanistic component, which only represents the process controllers that are



perfectly known a priori. This approach significantly reduces the number of deep learning
parameters and avoids the addition of model error that would occur if other mechanistic

equations were used.

The proposed hybrid fault detection model trains the LSTM-AE model under normal
operating conditions by utilizing a loss function that minimizes the combination of the
mean square error (MSE) between input and reconstructed samples and the MSE related
to the control actions reconstructed from the exact controllers’ equations. The proposed
methodology is tested on two case studies for fault detection: the industrial-scale peni-
cillin fermentation simulator and the Tennessee Eastman (TE) process benchmark, using
no fault information during model development to demonstrate the unsupervised learning
approach. This chapter demonstrates that the proposed hybrid LSTM-AE fault detection
model not only enhances process monitoring efficacy but also reduces the risk of overfitting

due to having fewer parameters.

Chapter 6 further tackles the problem of overfitting by proposing a novel hybrid mod-
elling approach referred to as metabolic graph neural networks (MGNNs). This approach
is applied for reducing over-fitting in modeling dynamic metabolic pathways as compared
to alternative modelling approaches such as conventional kinetic modeling (KM), dynamic
flux balance analysis (DFBA), and purely machine learning/deep learning approaches.
The proposed approach is also demonstrated for fault detection and diagnosis problems.
The methodology is motivated by the potential of hybrid models to combine mechanistic
knowledge with empirical approaches, aiming to reduce model parameters and mitigate

overfitting risks.

The specialized architecture of the MGNN consists of several sub-neural networks rep-
resenting metabolites, and the overall MGNN model is constrained by a priori biochemical
information about metabolic reactions. This constrained architecture offers several bene-

fits: 1. it avoids overfitting compared to fully interconnected networks that lack a priori



reaction network information, ii. it is easier to tune with current deep learning algorithms
than stoichiometry-based methods like DFBA, which require complex nonlinear program-
ming (NLP) solutions, iii. it does not require predefined nonlinear kinetic constraints,
such as Monod or Hill functions, and iv. it provides explainability by linking neurons to
metabolites and interconnections to fluxes. The methodology is tested on the oxidative
stress metabolic network of B. pertussis, a bacterium used in whooping cough vaccine pro-

duction at Sanofi, Toronto.

Following the above, the novel contributions of this work can be summarized as follows:
1. Developed unsupervised process monitoring approaches using machine learning, deep

learning, and hybrid deep learning models.

2. Developed unsupervised algorithms for diagnosing process faults using unsupervised

deep autoencoder models.

3. Proposed novel loss function for training process monitoring models towards maxi-

mizing fault detection rate.

4. Proposed a new metric for assessing the effectiveness of process monitoring models

when fault information is unavailable.

5- Tackle the problem of over-fitting by two different hybrid approaches: i- a hybrid
model that combine a deep learning auto-encoder with exact controller equations, ii- a

novel metabolic graph neural network models for modeling metabolic pathways.

6- The proposed approaches were validated with actual industrial (whooping cough and
diphtheria vaccine manufacturing) or laboratory scale data (oxidative stress flask experi-

mental data).



Chapter 2

Background

This chapter provides a comprehensive overview of the key methodologies and techniques
used in this thesis. I review several fundamental tools, including Principal Component
Analysis (PCA) and its extension Multiway Principal Component Analysis (MPCA), Par-
tial Least Squares (PLS) and its extension Multiway Partial Least Squares (MPLS), Au-
toencoders (AE), Long Short-Term Memory (LSTM) networks, and Long Short-Term
Memory Autoencoders (LSTM-AE). Each section will delve into the conceptual under-
pinnings, applications, and relevance of these techniques to process monitoring and fault
detection in batch processes. For more in-depth information and detailed mathematical
formulations, references to specific sections in subsequent chapters are provided. Addition-
ally, Section 2.6 presents insights and findings from one of my published papers, reviewing
the application of artificial intelligence algorithms for fault detection and diagnosis in phar-

maceutical processes [Aghaee et al., 2024a].
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2.1 Principal Component Analysis

Principal Component Analysis (PCA) is a dimensionality reduction technique that projects
high-dimensional, correlated data onto a lower-dimensional orthogonal space while pre-
serving a significant level of variance [Wise and Gallagher, 1996]. This projection helps
in simplifying the dataset by capturing the most significant features in fewer dimensions.
PCA is typically used in industrial practice to detect abnormal conditions by analyzing
the variance in the data. Key metrics such as Hotelling’s 7% and @Q-statistic (sum of
squares of residuals) are employed to identify deviations from normal operation [Kourti

and MacGregor, 1996].

Multiway Principal Component Analysis (MPCA) extends PCA to handle three-dimensional
data arrays, making it suitable for batch processes. In MPCA, the data initially structured
into a three-dimensional array is unfolded into a two-dimensional matrix, and then PCA
is applied. This approach helps in monitoring batch processes by capturing the variability

across different batches and detecting faults.

For a detailed explanation of PCA and MPCA, including mathematical formulations

and process monitoring techniques, the reader is referred to Section 3.2.1.

2.2 Partial Least Squares

Partial Least Squares (PLS) is a regression technique that projects both input variables
X and output variables Y onto lower-dimensional spaces. Then, the aim is to maximize
the covariance between the projections of X and Y, making it useful for scenarios where
the goal is to predict outcomes based on input data. For example, PLS helps in detecting

faults by identifying the relationship between process variables and output responses.

Multiway Partial Least Squares (MPLS) extends PLS to handle three-dimensional data

arrays occurring in batch processes, i.e. two dimensions for process variables at each time
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for different batches and the third dimension is time. Similar to standard PLS, MPLS
estimates the projections of both input and output variables and maximizes the covariance
between the projections. This approach is beneficial in scenarios where both input and
output data are available. Also, in the absence of relevant output variables, a dummy
output variable such as time interval during the batch can be used to aid the modeling
process. Similar to MPCA, fault detection based on MPLS is also based on metrics like
Hotelling’s T2 and @ statistics.

For a comprehensive discussion on PLS and MPLS, including mathematical formula-

tions and fault detection methods, the reader is referred to Section 3.2.2.

2.3 Autoencoders

AE is an unsupervised learning model designed to extract underlying patterns in data and
reduce its dimensionality. It consists of three main components: the encoder, the decoder,
and the embedding layer (latent space). The encoder compresses the input data into a
reduced latent space, while the decoder reconstructs the input data from this latent space.
This process helps for filtering noise while capturing the most significant features of the

data in a lower-dimensional representation.

While the encoder maps the input vector to a latent space using non-linear activation
functions, the decoder reconstructs back the inputs from the latent space. The model is
trained by minimizing the reconstruction error, which is the difference between the input
data and the reconstructed data. The minimization is done with respect to the weights

and biases of the network to accurately capture the underlying structure of the data.

For a detailed explanation of AEs, including mathematical formulations, training meth-

ods, and illustrative figures, the reader is referred to Section 3.2.3 and Section 4.2.2.
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2.4 Long Short-Term Memory

Long Short-Term Memory (LSTM) is a type of recurrent neural network (RNN) designed
to capture both long-term and short-term dependencies in sequential data. LSTMs are
particularly effective for tasks involving time-series data due to their ability to address
the issues of gradient vanishing and long-term memory loss that affect traditional RNN
architectures. Each LSTM unit contains a cell state that retains information over time,
along with three gates (input, forget, and output) that regulate the flow of information.
These gates control how much of the past information is remembered, how much of the
current input is accepted, and how much of the cell state is outputted at each time step
[Hochreiter and Schmidhuber, 1997]. For more detailed explanations and illustrations, refer

to section 4.2.1 and section 5.2.1.

2.5 Long Short-Term Memory Autoencoder

Long Short-Term Memory Autoencoders (LSTM-AEs) extend the concept of autoencoders
to sequential data by incorporating LSTM units. These models are particularly effective
for reconstructing nonlinear dynamically correlated data, making them suitable for time-
series analysis. An LSTM-AE consists of an encoder and a decoder, both composed of
multiple LSTM layers. The encoder compresses input sequences into a lower-dimensional
latent space, while the decoder reconstructs the original sequences from this latent space.
LSTM-AEs are trained in an unsupervised manner to minimize the reconstruction error
between the input sequences and their reconstructions, allowing them to capture complex

temporal dependencies in the data [Hochreiter and Schmidhuber, 1997].

LSTM-AEs are particularly useful for tasks such as anomaly detection, sequence pre-
diction, and time-series forecasting. By leveraging the capabilities of LSTM units, these

autoencoders can effectively model and reconstruct sequences, making them highly suitable
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for applications that involve dynamic data.

For a detailed explanation of LSTM-AEs, including mathematical formulations, and

illustrative figures, the reader is referred to Section 4.3.1 and Section 5.2.1.

2.6 Fault detection and diagnosis!

2.6.1 Fault detection

The detection of a fault is based on a statistically significant boundary between normal
and faulty data. In practical applications, data-driven fault detection typically involves
several steps: i- a fault detection model is trained with data collected under normal oper-
ating conditions, ii- control limits, such as Hotelling’s 72 and mean reconstruction error
(Q—statistic, are calculated based on the model, iii- During online operation, the developed
FDD model is fed new sample’s data and compares its response to the established control
limits and iv- if T2 or Q—statistical bounds exceed the corresponding control limit, the

new sample is flagged as a fault.

Multivariate statistical algorithms

Multivariate statistical algorithms are widely applied through commercial software (SIMCA
[Bylesjo et al., 2006]) and are renowned for their ease of implementation. Principal com-
ponent analysis (PCA) and partial least squares (PLS) are the most common multivariate
statistical algorithms for batch process monitoring in industry. Typically, they utilize
Hotelling’s T statistic and Q—statistic to detect faults. However, due to the nonlinear
and dynamic nature of data of chemical processes, linear PCA and PLS algorithms are not

accurate enough. Hence, kernel-based and dynamic-based methods such as kernel PCA,

! Adapted from Aghaee, Mohammad, et al. “Artificial Intelligence Applications for Fault Detection and
Diagnosis in Pharmaceutical Bioprocesses: A Review.” doi.org/10.1016/j.coche.2024.101025
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kernel PLS, dynamic PCA, and dynamic PLS have been developed to enhance perfor-
mance. Also, due to the prevalent batch or semi-batch nature of pharmaceutical processes,
multiway-PCA (MPCA) and multiway-PLS (MPLS) methods are commonly utilized in
practice [Agarwal et al., 2022]. Additionally, nonlinear PCA and nonlinear PLS algo-
rithms, which are based on autoencoder neural network structures, have also been utilized
for batch process monitoring to capture the dynamic and nonlinear aspects of the process
[Agarwal et al., 2022, Aghaee et al., 2023]. The following section provides more details

about these algorithms.

Deep learning algorithms

Deep Neural Networks (DNNs) have the ability to uncover inherent nonlinear and dynamic
patterns and hierarchical structures often resulting in superior performance than traditional

machine learning techniques such as multivariate statistical methods.

Different novel neural network architectures have been proposed that are particularly
useful for fault detection in nonlinear dynamic problems, e.g. multi-layer neural net-
works, autoencoders (AE), and recurrent neural networks (RNN), such as Long Short-Term
Memory (LSTM) [Aghaee et al., 2023] and gated recurrent units (GRU) [Ji et al., 2023].
Specifically, convolutional neural networks (CNN) have proven adept at capturing process
nonlinearity with heightened accuracy [Hematillake et al., 2022]. Generative adversarial
networks (GAN) have emerged as a tool for addressing data scarcity by generating real-
istic synthetic data for training [Li et al., 2021a, Yan et al., 2020, Abbasi et al., 2022,
Chandrashekar et al., 2023, Li et al., 2021b].

Hybrid models

While neural networks have high interpolating capability, they are less accurate at general-

izing behaviour, i.e. predicting outputs for input values that are very different from those
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used for training. Gray-box or hybrid models combine both mechanistic and data-driven
modeling techniques to improve predictive capabilities and reduced reliance on training
data [Pistikopoulos et al., 2021]. These hybrid models integrate mechanistic and data-
driven components either in serial or parallel architectures [Fontes and Budman, 2017].
Mechanistic models describe fundamental conservation laws of the process. By partially
relying on fundamental governing laws, hybrid models facilitate the estimation of un-
measured process states and enable the augmentation of datasets, thereby enhancing the
performance of process monitoring models [Cabaneros Lopez et al., 2021]. For example,
Physics Informed Neural Networks (PINN) is a special type of hybrid model that is trained
to satisfy the governing physical laws of the process [Cuomo et al., 2022].

2.6.2 Fault diagnosis

Statistical fault detection charts serve to signal anomalies in a system based on predefined
bounds without elucidating the underlying cause. Conversely, fault diagnosis method-
ologies aim to pinpoint the origin of faults, employing either supervised or unsupervised
algorithms. However, supervised approaches necessitate comprehensive labeled dataset, a
rarity in practical scenarios. Moreover, information about sources of faults is often scarce
in real-world processes. Then, unsupervised algorithms can be used to construct contri-
bution plots that help to interpret and hypothesize potential fault sources. In this regard,
two innovative algorithms for generating contribution plots within deep learning process
monitoring models have been introduced in [Aghaee et al., 2023]. Additionally, Al-based
models like AEs in process monitoring tasks can utilize hypothesis testing to assess the
differences between the latent space representations of normal and abnormal samples [Li
et al., 2023a, Antwarg et al., 2021]. This integration of statistical methods within Al ap-
proaches is expected to bolster robustness in model evaluation and validation steps. A
summary of recently proposed FDD models for pharmaceutical processes employing ma-

chine learning, deep learning, or hybrid approaches is presented in Table 2.1. Also, Figure

16



2.1 presents a flowchart diagram outlining the development of fault detection and diagnosis

models. The fault detection model is developed using historical batches in offline mode.

New samples are labeled as normal or faulty. Faulty samples trigger the diagnosis model

to identify the fault

e

e

Figure 2.1: The flowchart of online FDD procedure.
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Table 2.1: Summary of Reviewed Papers; FD(D): Fault Detection (and Diagnosis), QP:

Qual

ity Prediction

Model

Purpose

Results

Ref.

Principal component
analysis (PCA)

FDD in a pharmaceutical

drug manufacturing

Addressing batch process challenges:

drifting; overlapping; imbalanced data.

Zeberli et al. [2021]

MPCA, MPLS
MPLS-AE

FDD in a penicillin

batch process

The MPLS-AE model shows superior

accuracy compared to others.

Agarwal et al. [2022]

Long short-term
memory autoencoder
(LSTM-AE)

FDD in a penicillin
batch process; Sanofi
B. pertussis vaccine

manufacturing process

Exhibits a clear accuracy improvement
over linear or nonlinear techniques
that do not explicitly consider

dynamic behavior.

Aghaee et al. [2023]

Multiway Kernel
Entropy Independent
Component Analysis

(MKEICA)

FDD in a penicillin
batch process; an

actual bioprocess

To address the challenges of
nonlinear and non-Gaussian traits in
batch processes and diagnose faults

using nonlinear contribution plots.

Peng et al. [2020a]

Affinity propagation
broad learning
system (AP-BLS)

FD in a penicillin

batch process

To develop a multi-stage monitoring
framework integrating AP and BLS,
surpassing AP-PCA, AP-ICA, AP-LSTM.

Peng et al. [2020b]

Supervised deep
convolutional autoencoder
(CNN-AE)

FDD in a penicillin

batch process

The CNN-AE model significantly
outperformed the PLS-DA model in
the optimal integration of FDD with

process design.

Hematillake et al. [2022]

Canonical variate
analysis (CVA)

FDD in a granulation

process

Addressing nonlinearity in dynamic

processes for future automated FDD.

Quatrini et al. [2020, 2022]
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Multiphase enhanced
high-order information
extraction (MEHOIE)

FD in a penicillin
batch process;

a microbial bioprocess

Addressing feature extraction challenges
with a higher number of samples

than features, surpassing PCA and ICA.

Chunhao et al. [2020]

Autoencoders, K-means
clustering and
multi-input

neural networks

FDD in a rolling-elements
bearings in an industrial

pharmaceutical process

To propose a scalable framework for
automated prediction of degradation
stages in rolling-element bearings,

offering reliable predictions.

Juodelyte et al. [2022]

Differential recurrent
neural network
(DRNN)

FD and QP in a

penicillin batch process

Addressing batch process challenges:
different initial conditions; uneven batch

lengths; multiphase feature extraction.

Ji et al. [2023]

Overcomplete broad
learning system
(OBLS)

FD in a penicillin
batch process; a real-

world fermenter

Addressing the challenge of
non-Gaussian and nonlinearity in data,

outperforming traditional PCA and ICA.

Peng and RuiWei [2021]

Batch-wise LSTM-AE

FD in a penicillin

batch process

Capturing features within and between
batches, surpassing AE and Sub-PCA.

Ren and Ni [2020]

Weak Embryo Detection
Network (WEDNet)

FDD of weak and
live embryos in

egg-based vaccines

Surpassing prior models in processing
image time, as well as in the detection

and classification of weak embryos.

Chen et al. [2020a]

Electrical resistance
tomography (ERT)

FDD in a reactive

crystallization process

Real-time monitoring of CaCOg3 reactive

crystallization using a single ERT sensor.

Aghajanian et al. [2021]

Hybrid model:
PLS-EKF

FDD in a penicillin

batch process

Improving FDD with augmented datasets

of measured and estimated process states.

Destro et al. [2020]

Hybrid model:
PLS-EKF

FD in a crystallization

batch process

PLS-EKF trained with augmented
dataset outperforms standard PLS.

Ghosh et al. [2021]

Stochastic hybrid
process model (SHPM)

FDD in a penicillin

batch process

The proposed SHPM model
surpasses Hidden Markov Model (HMM).

Windmann [2022]

Ensemble Models:
Random Fourier
feature analysis (RFFA)

FD in a penicillin

batch process

Lower computational load compared to
traditional kernel methods, handling large

datasets and nonlinear local behaviors.

Deng and Du [2021]

Multiway Laplacian
autoencoder (MLAE)

FD in a penicillin
batch process; a real-

world E. coli fermenter

Contrary to traditional AEs, the
MLAE model captures both the local

structure and deviations among batches.

Gao et al. [2020]

Adversarial autoencoder
and K-Nearest Neighbor
(AAE-KNN)

FD in a penicillin

batch process

Outperforms traditional methods such as
KPCA and KICA in monitoring minor

magnitude and non-Gaussian faults.

Li et al. [2021b]

Sequential phase
division (SPD)

FD in a penicillin

batch process

Monitoring batch multiphase processes

with synchronized uneven-length batches.

Zhang et al. [2023a]

Two-dimensional LSTM
variational auto-encoder
(2DLSTM-VAE)

FDD in a penicillin

batch process

Outperforms complex models like VAE,
cVAE, and LSTM-Encoder in addressing

nonlinear dynamics and online FDD.

Liu et al. [2023a]

Siamese deep neighbourhood

preserving embedding
network (SDeNPE)

FD in a penicillin

batch process

Outperforming MPCA, NPE, KNPE,
SNPE, and DeNPE models despite

limited runs and nonlinearity challenges.

Liu et al. [2024a]

Multi-way concurrent
locally weighted

projection regression

FD and QP in a

penicillin simulator

Addressing batch process challenges:
different operation conditions; multiphase

and nonlinearity characteristics.

Zhang et al. [2023b]

Convolutional block
attention module
convolutional neural
network (CBAM)-CNN

QP in two penicillin

fermentation processes

Addressing batch process challenges:
different initial conditions; multiphase
characteristics; nonlinearity, providing

better generalization performance.

Zhao et al. [2023]

Multi-stage fusion
regression network
(MSFRN)

QP in a penicillin

batch process

Addressing the oversight of correlations
among stages, leading to poor quality

prediction in batch processes.

Yao et al. [2023]

18



For real-time prediction of quality variables and to capture system dynamics within and
between batches, especially for dealing with uneven batch lengths, RNN-based models are
recommended. CNN-based models are more suitable for capturing multi-phase nonlinear

processes and offer better generalization performance.
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Chapter 3

A Novel Unsupervised Approach for
Batch Process Monitoring using

Deep Learning

Overview!

Process monitoring is an important tool used to ensure safe operation of a process plant
and to maintain high quality of end products. The focus of this chapter is on unsuper-
vised Statistical Process Control (SPC) of batch processes using Deep Learning (DL). A
DL architecture referred as Multiway Partial Least Squares Autoencoder (MPLS-AE) is
proposed and trained using a genetic optimization algorithm with a novel objective func-
tion that directly maximizes the average fault detection rate (FDR). The efficacy of the

proposed method is demonstrated on an industrial scale Penicillin process. Comparisons of

! Adapted from Agarwal, Piyush, et al. “A Novel Unsupervised Approach for Batch Process Monitoring
using Deep Learning.” doi.org/10.1016/j.compchemeng.2022.107694
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the proposed algorithm with linear Multiway Principal Component Analysis (MPCA) and
Multiway Partial Least Squares (MPLS) based fault detection (FD) algorithm, trained
with the same objective as used by the DL model, demonstrates the superiority of the
deep learning based approach. The use of dynamic control limits significantly improves

the detection rates for both the linear and DL models.

3.1 Introduction

Batch fermenters are one of the most common unit operations used in modern industries
for the manufacturing of pharmaceuticals, biotechnological products, semiconductors etc.
Efficient process monitoring is crucial to operate these processes safely and to keep the
critical states of the process, such as temperature, pressure, pH, etc. within their optimal
ranges of operation. Furthermore, accurate process monitoring model will drive neces-
sary corrective actions to maintain safe operation and optimal productivity. Online fault
detection (FD) is a technique to monitor optimal operation and safety of the process.
Numerous FD algorithms have been developed in literature so far. FD algorithms can be
broadly classified into three different classes according to the type of model used for FD: (i)
knowledge-based, (ii) model-based and (iii) data-based methods. Data-based approaches
are generally preferred since they do not require accurate mechanistic models of the pro-
cess which are often difficult to obtain. For example, biochemical processes are difficult to
model by first principles equations due to insufficient understanding about the metabolic
behaviour of micro-organisms used in the system. Data-based FD algorithms can be either
supervised or unsupervised. In the supervised learning approach, a model is trained with
labeled samples corresponding to normal or faulty operation [Agarwal et al., 2019, 2021,
2020] whereas, the unsupervised learning approaches learn patterns directly from unlabeled
data. Thus, the unsupervised approach does not require data that is labeled with faulty or
normal operation status information. From an industrial point of view, this is an attractive

option since most data in an industrial setting is obtained during normal operation and
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faulty data may not be available or may be insufficient. Hence, in this work, we pursue an

unsupervised learning approach for statistical process monitoring.

Statistical Process Control (SPC) algorithms are either unsupervised, e.g. principal
component analysis (PCA) [Wise et al., 1990], independent component analysis (ICA)
[Kano et al., 2003], or supervised, e.g. partial least squares (PLS) [MacGregor et al.,
1994], qualitative trend analysis (QTA) [Maurya et al., 2005], and Fisher discriminant
analysis [Chiang et al., 2000]. While PLS based approaches generally require an output
label indicating fault or normal status associated to each sample for model training, the
method can still be used in unsupervised learning by using a dummy variable, instead of
labeled samples, as an output that is indicative of the accumulation of species during the
batch operation [Chen and Liu, 2002]. Many commercial applications of PLS for FD in
bio-pharmaceutical batch processes use the fermentation time (also known as timestamp)
as an output for unsupervised FD learning tasks when labeled outputs are not available
[Bylesjo et al., 2006]. However, other indicative variable measurements such as biomass
can be used but are often not available at each time interval. Algorithms based on PCA
or PLS and its variants (eg. MPCA, MPLS, etc.) have been extensively demonstrated in
fault detection of industrial fermentation processes [Lennox et al., 2001, Undey et al., 2003,
Kourti, 2005, Chiang et al., 2006, Goldrick et al., 2017]. The strength of these algorithms
lie in their ability to extract features that are most informative about the input space
(PCA and MPCA) and that are most informative about the output (PLS and MPLS)
by compressing a high dimensional input space and input-output space respectively into
a lower dimensional latent variable space that can be used for FD. However, these al-
gorithms are generally based on linear decomposition techniques and fail to accurately
extract non-linear information when applied to nonlinear processes. Although less com-
mon in industrial practice, nonlinear extensions of PCA and PLS methods have also been
reported. These are based on the use of nonlinear kernel based transformations of either

the input variables for PCA or the inner relation between the projections of the input
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and output variables respectively. The relative advantages of neural networks over kernel
based methods have been reported in different theoretical studies. For example, Ghorbani
et al. (2020) [Ghorbani et al., 2020] showed that kernel methods suffer from a curse of
dimensionality in learning nonlinear target functions with low dimensional projections. For
example, the representation of one sigmoidal function requires the use of many Gaussian
kernels for accurate description. Hence, to capitalize on this advantage of neural networks
over kernel methods, a deep learning neural network (NN) architecture is selected for the

formulation of FD scheme in the current work.

Deep learning models extract non-linear features effectively and have been widely stud-
ied in the literature for developing different FD methodologies. Various deep learning
architectures such as convolutional neural networks (CNN) [Chadha et al., 2019], recur-
rent neural networks (RNN) [Zhang et al., 2019a, Ren and Ni, 2020], and autoencoders
neural networks (AE-NNs) [Cheng et al., 2019, Park et al., 2019, Yin et al., 2020] have
been utilized in process monitoring. In particular, autoencoders (AE) are deep neural
networks with the same number of units in the input and output layers with one or more
low-dimensional hidden layers. AE-NNs can be intuitively understood as non-linear PCA
in terms of their ability to compress the input space into a latent variable space. These
networks consists of three parts, namely encoder, decoder and the embedding. Encoder
compresses the input space to produce embedding, then the decoder reconstructs the in-
put from embedding. It is trained in an unsupervised fashion usually by minimizing a
reconstruction loss function [Yan et al., 2016, Yu and Zhao, 2019]. Denoising autoencoders
and contractive autoencoders are variants of AE-NNs that had been applied to monitor
a continuous chemical process by tracking the H* statistic metric [Yan et al., 2016]. In
another work, a two-dimensional deep correlated representation learning (2D-DCRL) has
been proposed to monitor a penicillin batch fermenter [Jiang et al., 2019] where an AE
model is implemented to extract the relations between the process variables. Finally, the

canonical correlation analysis (CCA) of 2D matrices is used to capture the dynamic fea-
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tures between batches. Two common metrics, Hotelling 72 and (@-statistics, have been
used to detect faults with AE. In another application, a multi-way Laplacian autoencoder
(MLAE) has been proposed to monitor batch fermentation processes [Gao et al., 2020]. In
comparison with traditional AEs, the MLAE considers the local structure of the normal
process data and the stochastic deviations among batches are captured by the Laplacian
matrix of the regularization term which improves the performance of the process monitor-
ing model. In Chen et al. (2020), to capitalize on the feature extraction ability of AE-NNs,
a one-dimensional convolutional autoencoder (1D-CAE) had been applied for monitoring
a penicillin fermentation process [Chen et al., 2020b]. The 1D-CAE shows a better perfor-
mance than typical DNNs due to its ability to extract features in the data. Although the
above applications of AE-NNs were effective for FD, these methods were trained with a
loss function as input reconstruction error but do not explicitly consider the fault detection
performance. In contrast, in the current work, we propose a novel objective function for
training the AE-NNs that directly considers and improves the average fault detection rate
(FDR).

Specifically, the FD problem in the current work proposes an AE architecture (Multiway
Partial Least Squares Autoencoder) that is trained with a novel objective function, tailored
for detecting faults efficiently through an unsupervised learning approach. The idea is to
learn the distribution of normal batches in order to differentiate them from the faulty
batches. The algorithm involves two main steps: i- the MPLS-AE is trained to explain the
variation of process variables with respect to an average batch trajectory and also predict
the output variable simultaneously. ii- the control limits are estimated both on learned

latent features and residuals using kernel density estimation at each time interval.

In order to demonstrate the advantages of the proposed MPLS-AE methodology for
fault detection, systematic comparisons are conducted with Multiway Principal Compo-

nent Anaysis (MPCA) and Multiway Partial Least Squares (MPLS) on an industrial scale
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Penicillin Simulator. To assess the advantage of the novel loss function over traditional
loss function, both MPLS and MPLS-AE are compared with and without the FDR-based
objective function respectively. Both the MPLS and MPLS-AE models are trained using
the time of fermentation as the dummy output variable. Another important contribution
of the work is to assess whether the consideration of the dummy (indicative) output vari-

able for process monitoring, e.g. fermentation batch age, enhances fault detection accuracy.

The paper is organized as follows. The mathematical background of process monitoring
with MPCA, MPLS and a brief description of AE-NNs model are introduced in Section 3.2.
Section 3.3 presents the proposed method for FD, the novel loss function and description
of the penicillin process simulator used in the case study. The application of the proposed
method to a Penicillin batch process and comparisons with the traditional methods are

presented in Section 4 followed by conclusions in Section 5.

3.2 Preliminaries

This section briefly reviews the fundamentals of MPCA, MPLS and AE-NNs and its ap-
plication in FD. For each of these methods, the dataset is divided into 3 parts namely
training, validation and test dataset. The general idea is to estimate model parameters
using the training set while the validation set is used to tune the hyper-parameters of each
model. For example, the validation set is used to select the number of principal components
for both MPCA and MPLS and to select the optimal hyper-parameters for deep learning
models such as number of neurons, number of layers, learning rate, batch-size etc. Finally,

the efficacy of the method is evaluated using the test dataset.
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3.2.1 Multiway Principal Component Analysis (MPCA)

Multiway PCA is an extension of PCA that operates on data organised in a three dimen-
sional array. For a batch process this array is X3p € R¥*®J where k is number of samples
in each batch b and j is the number of measured process variables. PCA is performed
on an unfolded X € R¥>*J matrix where n = kb is the total number of training samples.
PCA projects the high dimensional correlated input space X onto a lower dimensional
orthogonal space while preserving the variance [Wise and Gallagher, 1996]. The samples
are mean centered and scaled to unit variance prior to applying PCA. The decomposition

is defined as follows:

K

X =Y typf +E=TP" +E (3.1)
k=1

st. PTP =1 (3.2)

where T € R™E P € R>*K and E € R denote the matrices of scores, loadings and
residuals respectively. K is the number of principal components that are retained based on
a relevant objective function by using the validation dataset. The product TPT describes
the process variability. Two statistical metrics Hotelling 72 and ()-statistic are used for
process monitoring. 72 measures the variability of each sample [Kourti and MacGregor,
1996] calculated as follows :
Ty—1
2 (TT)™ r

Tnew = tnewﬁtnew (33)

where n is the number of normal samples and t,., is the score for a new observation

calculated as follows:

Crew = XnewP(PTP)il (34)
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An abnormal observation, i.e. an observation denoting a faulty condition, can be detected

if T2, exceeds the control limit T [Lee et al., 2004a] which can be calculated as follows:

T2 _ K(n—1)

Frn—kao 3.5
o= IKn-k, (3.5)

where Fi ko is the F-distribution with n and n — K degrees of freedom and alpha is
the confidence limit. Abnormal samples can also be detected using the sum of squares of

residuals (SPE) or Q-statistic [Jackson and Mudholkar, 1979] calculated as follows:

T
Qnew = €newCiew

€new = Xnpew — tnewPT (36)

Since these residuals follow a chi-squared distribution (x?), the control limit for Q-statistic
[Jackson and Mudholkar, 1979] is defined as follows:

Qa :Ql[m#hg)oﬁ_Fl_FW]hlo
1 i
EE"
T -1
0; = trace(V');i =1,2,3
ho=1-— 2§;§3 (3.7)

where V is the co-variance matrix of E and z, denotes a normal deviate with significance
level ae. The metrics reviewed above are commonly referred to as static control limits since
they assumed that the input data at all time intervals follows the same statistical distribu-
tion. Furthermore, the calculation of T2 and @, assumes that the input data corresponding
to normal operation follows a Gaussian distribution which may not be accurate in practical
problems. To correct for this, a kernel density estimation is used in the proposed work as

explained in Section 3.1.
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Online process monitoring can be carried out in two steps: i- Historical data records
of normal operation samples are split between training and validation datasets. Pre-
processing of datasets is carried out as described above by using the mean and variance of
the training dataset. Training dataset is used to estimate scores T and loadings P of the
MPCA model while the validation dataset is used to select the optimal number of principal
components K using a relevant criterion. In this work, the number of principal compo-
nents are selected based on two different objectives: a- the commonly used criterion of
minimizing the reconstruction error (or a pre-determined threshold of explained variance)
and b- maximization of fault detection rate in the validation dataset. The latter will be
shown to be superior in the case study in Section 4.2. Thereafter, the control limits 7> and
(.. are evaluated using Eq 3.5 and 3.7. ii- Each newly acquired sample is mean-centered
and normalized based on the training set mean and variance. T2, and Qe of the new
sample are evaluated using Eq 3.3 and 3.6 and abnormality is determined if any one of

these metrics exceeds its control limits.

3.2.2 MPLS

Similar to MPCA, MPLS is an extension of traditional PLS for handling three dimensional
data arrays. It estimates the projection of both input X and output variables Y onto a
lower dimensional space by finding multidimensional directions in the input space such
that it maximizes the covariance between X and Y € R"*P. MPLS extracts the scores of

input and output data such that the covariance between inputs and outputs is maximized
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as follows:

K
X=> tipy +E=TP"+E
k=1

K
Y=> wq +F=UQ"+F
k=1

s.t. max IE{ (T - T) <U B I_J)}

= max corr (T,U) x VTIT x VUTU (3.8)

where T € R™X and U € R™¥ contain the score vectors of input and output variables
and P € R7>*K and Q € RP*X contain the loading vectors of input and output variables
respectively. E € R™ and F € R™? are the residuals. In a supervised learning approach
an MPLS model can be trained for FD with both input data and output labels where
the latter are related to the faulty and normal status of each sample. The challenge in
formulating an unsupervised FD MPLS algorithm is that output labels or output mea-
surements at each time interval are not available for training. To address this challenge,
current commercial applications consider an dummy output variable to be predicted by
the MPLS model. For example, the fermentation time has been used in bioreactor ap-
plications as an dummy output variable for training the MPLS model. The rationale for
using MPLS with such dummy variable is that it may result in a more informative repre-
sentation about the normal operation boundary with a smaller number of latent variables
as compared to MPCA. A smaller number of latent variables is expected to result in less
over-fitting of measurement noise. The use of the fermentation time as a dummy variable
is also biochemically motivated by the fact that the cumulative biomass and productivity
are approximately proportional to the fermentation time. The role of the dummy variable
towards FD accuracy will be explicitly investigated later in the case study. Similar to
MPCA, to detect abnormal samples, Hotelling 7% and Q (Q,)-statistics are evaluated and
compared to the control limits using Eqs. 3.3-3.7.
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3.2.3 Autoencoder Neural Network (AE-NN)

A traditional AE-NN is a neural network model composed of three parts: encoder, decoder
and embedding, as shown in Figure 3.1. An AE-NN is trained in an unsupervised fashion
to extract underlying patterns in the data and to reduce the dimensionality of the input
data. The encoder is trained to compress the input data onto a reduced latent space
defined by a hidden layer and the decoder decompresses back the hidden layer outputs into
the reconstructed inputs. Let us consider x; as the input vector to an AE-NN, then the
operation performed by the encoder for a single hidden layer between the input variables

to the latent space z € R% variables (latent variables) for time sample i (x;) is as follows:

Z; = fe(wexi + be) (39)

where f. is a chosen non-linear activation function for the encoder, W, € R%*J ig
an encoder weighting matrix, and b, € R% is a bias vector. The decoder reconstructs
the input variables from the feature or latent space z; € R% according to the following

operation:
X; = fa(Waz; + bg) (3.10)

where f; is a chosen activation function for the decoder, W, € R/*% and by € RJ is
a decoder weighting matrix and a bias vector respectively. The ‘tanh’ function is used
for both transforming the inputs into the latent variables and for reconstructing back the
inputs from the latent variables. The AE-NN is trained based on the following minimization

problem:

n

: 1 L \2
B, (25 O %)) @11

s=1
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Figure 3.1: Schematic of a single layer Autoencoder Neural Network (AE-NN)

where n is the number of samples.

3.3 Proposed Methodology

3.3.1 Multiway Partial Least Squares Autoencoder (MPLS-AE)

PLS Equivalent DNN
(Deep Neural Network)

Autoencoder Loss
Encoder Decoder

Fully-
Connected
Layer

Time Prediction
Error

Figure 3.2: Schematic of a Multiway Partial Least Squares Autoencoder (MPLS-AE)

Motivated by the MPLS algorithm, we propose an equivalent Deep Learning architec-
ture that can be trained to simultaneously predict output Y along with reconstructing

inputs X. Since maximizing the covariance between scores T and U in MPLS (refer Eq.
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3.8) implies maximizing three simultaneous objectives i.e. i- best explanation of inputs
X (given by TTT), ii- best explanation of outputs Y (given by UTU) and iii- greatest
relationship between X and Y (given by correlation between T and U) in Eq. 3.8. These
three objectives are equivalent to minimizing a weighted sum of the input reconstruction
error (best explanation of inputs) and the output variable prediction errors (best explana-
tion of outputs) according to Eq. 3.12. Minimizing the objective function along with the
weighting factor A in Equation 12 is equivalent to maximizing correlation between inputs
and outputs as is done in PLS. It should be noticed that A lies between (0, 1) in order to

give higher importance to prediction of output variables.

The key idea is to attach a fully connected layer to the bottleneck layer of the AE-
NN as shown in Figure 3.2 to predict the indicative output (dummy) variables. This is
referred henceforth in this study as Multiway Partial Least Squares Autoencoder (MPLS-
AE) NN. In this work, we consider fermentation time (t) as the indicative dummy variable
as considered in commercial MPLS applications for FD [Bylesjo et al., 2006]. The MPLS-

AE model is trained based on the following loss function:

ap_ 1Y\
JMPLS AE_E<; (s —£5) +/\Z 3 ) (3.12)

where n, x,, X,, ts and ¢, are the number of training samples, an input sample, recon-
structed input sample, output (dummy) variable and predicted output (dummy) variable
respectively. However, the MPLS-AE architecture can be trained by other user-defined
loss functions for specific purposes. In this work we propose a novel objective function

specifically tailored for FD application as described in the next sub-section.

Detection of abnormality with the MPLS-AE model is based on the use of H? and SPE
metrics instead of the metrics 77 and @) that are used with the linear methods (MPCA and
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MPLS). H? represents the variability of the latent variables with respect to their historical

means as follows:

deepest mean)2

R
H]g,b - Z k 2 dzvamanckedz (313)

where HZ, is H? of the k™ sample in the b batch, ;5% is the d* dimension of
the latent variables of the k'™ sample in 0" batch, z'¢*" and h}%’"* are the mean and
variance of the d* dimension of the k' samples in all training batches, respectively and R
is the number of units in the bottleneck layer of MPLS-AE NN model. SPE is the metric
used to measure the residual error between reconstructed input sample and the original

input sample and is calculated as follows:

R
SPEy, = Z (X7, — X4, (3.14)
d.=1
where SPEy is the SPE of the k" sample in the b batch, x} ;, and fcz’dz is the d

dimension of the £ sample in the b batch for input and reconstructed input respectively.

Since the input data may not follow a Gaussian distribution, a kernel density estimation
(KDE) [Parzen, 1962a] procedure is used to obtain control limits H2 and SPFE,, metrics.
Further, we relax an earlier assumption made for the MPCA and MPLS based FD model
that the distribution of input data does not change with time. Instead, both H2 and
SPE, are allowed to change with time based on the current estimate of KDE and thus
they will be referred to henceforth as dynamic control limits H. ,fva and SPE}, . To calculate
these limits, we use Gaussian kernels to estimate the probability distribution function of

univariate data (H; and SPEy) for each time interval k as follows:
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F(H?) = ZG<M> (3.15)

i=1 bw
ZEZ'Q
G(x;;0) e:cp( - 202) (3.16)

where F'(H?) is the probability density function, G(x;; o) is the Gaussian kernel and b,
is a bandwidth parameter that controls the smoothness of the distribution and it is selected
from the Silverman algorithm [Silverman, 2018]. The H} , for a pre-specified significance

level « is then calculated using the equation below:

H2a
1 —a :/ " R(H?) 4B (3.17)

: 2
min Hk,train

Similar procedure (Egs. 3.15-3.17) can be followed to evaluate the residual control limits

SPEjq.

3.3.2 Novel Objective Function for Maximizing Fault Detection
Rate

In previous studies on process monitoring with MPCA and MPLS models, the objective
function to be minimized for selecting the number of principal components, i.e. hyper-
parameters in MPCA and MPLS, is either the mean square error (MSE) of input recon-
struction (refer Eq. 3.18) in MPCA or the MSE of output prediction (refer Eq. 3.19) in
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MPLS.

b k
JMECA — % SN (- ) (3.18)

b k
JMPLS _ % S5 (b - ) (3.19)

where X, is a reconstructed input sample and tj, is a predicted indicative output (dummy)
variable. However, since maximizing the FDR is our main objective, we propose an alter-

native objective function for model training.

It should be emphasized that since all the samples used for training of an unsupervised

learning model correspond to normal operation, T,i of each sample at time ‘%K’ should

train
be less than the associated control limit i.e. T}, (Dynamic control limits). An objective
function that is most relevant for fault detection should measure the number of misde-
tected samples, i.e. normal samples detected as abnormal (also known as false alarm rate
(FAR)) and abnormal samples detected as normal, according to the dynamic control limits
proposed above. Hence, a fault detection motivated objective function JMF¢A-MPLS,FDR

is proposed for selecting number of principal components in MPCA and MPLS as follows:

1 b k
JUPCANPLSEDR = 252 S (12, = TE0)] > O)ll ((Qusrin — @l > 0) (3:20)

where T, .., and T} , are a function of scores and nPCs K. These hyper-parameters

are selected using Eq 3.20 for both MPCA and MPLS models. Thus, the nPCs that results

JMPCAfMPLS,FDR

in the minimum value of in the validation dataset are selected for the

final model.
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Similarly, to incorporate FDR explicitly in the loss function for training MPLS-AE

model, the following loss function is proposed in this study:

b k
1
JMPLS*AE’FDR = ; ZZ ([Hlitrain - le,a] > 0)|| ([SPEk,train - SPEk,a] > 0) (321>

The above loss function (Eq. 3.21) evaluates the number of miss-detected samples with
the MPLS-AE model. Hence the loss function is directly related to the (FDR) which is a

function of H2

e train @04 Qk train and consequently these are a function of latent variables 2

(refer Egs. 3.13 and 3.14). The proposed methodology for fault detection is schematically
described in Figure 3.3.

3.3.3 Average Fault Detection Rate (FDR)

Thereafter the average fault detection rate (FDR) can be evaluated based on the average

detection rates of normal and abnormal samples for MPCA and MPLS using metric M,
and metric My for MPLS-AE as follows:

M, - FDRnormal = nnoimal Zlolrmal b ([T]?’b - TkQ,a] S 0) && ([Qk,b - Qk,a] S 0)
1:

FDRapnormar = nabnirmz pempermal b ([Tkz,b -1, > 0) || ([Qrp — Qi) > 0)
(3.22)
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Figure 3.3: Flowchart for fault detection based on novel objective function
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‘2\42 : Nnormal
FDRoymormal = — Rabnormal bwgb—ﬂaj>m|uwPEm—spEmJ>)

Nabnormal

FDRuma = o Yot Y ([H2, — H2,] < 0) & ([SPEyy — SPEy..] <0)
0

(3.23)

EEaS ) norma FDRTLOT’ma aonorma FDRG norma
FDR = [normal L Tabnormal bnormal (3.24)

Nnormal + Nabnormal

where n,0rma 1S the number of normal operation samples, Napnorma; 1S the number of sam-
ples with faults, b is the total number of normal batches in the training dataset and H ,fya
and SPE}y, are the control bounds Hy , and SPE}, of the k™ sample, respectively. A
normal operation sample is detected correctly if both T7, or Hf, and Qg4 or SPEy are
below their respective control limits. Otherwise the sample will be incorrectly detected as
abnormal. On the other hand, abnormal samples are correctly detected if either H ,fjb or
SPE}, or both exceed their control limits in case of MPLS-AE and T¢, or Qs or both
exceed their control limits in case of MPCA and MPLS. Overall FDR is calculated as the
weighted sum of FDRyormar and F D Rupnormar (refer Eq. 3.24).

Note: JMPLS—AEEDR yg trgined with a GA (genetic optimization algorithm) using the

JMPLS—AE

solution from as the initial guess to speed up the search. This implies that the

architecture for both the models are same.

3.3.4 Case study

The IndPenSim code [Goldrick et al., 2019] that simulates batch fermentation of Penicillin
is used for the case study. A schematic of the process is shown in Figure 3.4. The fig-

ure also shows the available off-line and online measurements, manipulated variables and
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controlled variables. The simulator is available at www.industrialpenicillinsimulation.com.
The total biomass inside the bioreactor is calculated for 4 separate regions: actively grow-
ing regions (Ay), non-growing regions (A; ), degenerated regions (As) and autolysed regions
(A3) [Goldrick et al., 2015].

Growing regions (Ay):

dAy FinAo
— =Ty — T —
A
dAl _ + EnAl
dt =Te Ty Tdiff Tdeg vV
dA2 anA2
_— =T e —_ /]"a J—
e %
dAs3 FinAs
— — Ta— 3.25
a v (3.25)
Total biomass (Xpiomass):
Xbiomass = AO + Al + AQ + A3 (326)

where 74, 1y, Te, TP, Tdgiff, Tdeg, Fin and V are the rates of autolysis, branching, extension,
differentiation, degeneration, total flow in and fermenter volume respectively. The dynamic
balances describing production formation and substrate consumption are as follows:

Product formation (P):

dP E,, P
AP (327
Substrate consumption (.5):
) FsC Foi Coi EnS
i —Ys/xre — Y5/ x5 — msTy — Ysprp + i/ 5+ é/ L Vv (3.28)

where rp, 7, and r,, denote the rates of product formation, hydrolysis and maintenance,

respectively, and m is the substrate maintenance term. Also, Yy, x and Yg/p indicate the
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substrate yield coefficients of biomass and penicillin respectively, and Fg, Fy;, Cs, and C,;

are the sugar and soybean oil feed rate and concentrations, respectively.

A dataset of total 700 batches is generated using the simulator. The total fermentation
time of each batch is 230 hours (1150 time samples for each batch) and involves 25
measured input variables. Six different types of faults are considered in this case study.
Different faults occur at different time interval during a batch with varied magnitude as
described in Table 3.1. The dynamic profiles of these faults (except for fault number 6
which is a combination of all the other faults) are shown in Figure 3.5. The dataset includes
100 normal operation batches, i.e. batches without fault, and 100 batches for each type
of fault. Batches with normal operation are then divided between training and validation
sets. 80 normal batches are used to train the MPCA, MPLS and MPLS-AE models and
20 batches are used as the validation dataset to obtain the optimal hyper-parameters for
each FD model. The remaining 600 batches are used as the test dataset. First, the three

€ RUH0x25x80) i ynfolded to a matrix as described

dimensional training data array (X
in Section 2.1 and 2.2 with dimensions X € R92090%25 A row in X represents a sample
data with 25 variables (columns). After unfolding, the training set samples are mean
centered and normalized by the corresponding variance for the MPCA and MPLS models

and normalized between 0 and 1 using min-max normalization for MPLS-AE model.

Table 3.1: Description of different types of fault.

Fault No. Fault Magnitude Time (hr)
1 disturbance in aeration flow rate (L /hr) 20, 20 [20, 24], [100, 110]
2 disturbance in vessel back pressure (bar) 2,2 [100, 104], [200, 230]
3 disturbance in substrate feed rate (L/hr)  2,20,20 |20, 30], [76, 92], [200, 214]
4 disturbance in base flow rate (L/hr) 5, 10 (80, 84], [140, 160]
5 disturbance in coolant flow rate (L /hr) 2 [70, 90]
6 all of the above faults
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Figure 3.4: Summary of all model inputs and outputs recorded by IndPenSim
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Figure 3.5: Profiles of measured variables in normal and faulty conditions.
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3.4 Results and Discussions

The three FD methods:MPCA, MPLS and MPLS-AE are applied to the Industrial Peni-
cillin Simulator (IndPenSim) and are compared in terms of FDR accuracy, use of static or
dynamic control limits and use of the different proposed objective functions for selecting
optimal hyper-parameters. The training, validation and test sets are the same for the three
methods. As discussed in the previous section, the training dataset is used for calibration
of model parameters, the validation set is used to find the optimal hyper-parameters and
the test dataset is used to compare the performance of different methods with different

objective functions (refer Section 3.3.2).

3.4.1 MPCA and MPLS with JYP¢4 and JMPLS

First, the linear MPCA and MPLS are compared to each other in terms of FDR accuracy
(refer Table 2, Model No. 1-4). As mentioned previously in Section 3, MPLS uses the
fermentation time as an indicative output (dummy) variable. An important first goal of
this comparison is to investigate whether the use of the indicative output variable enhances
the FDR accuracy of MPLS versus MPCA that does not use this output variable. Further,
we also compare the use of static versus dynamic control limits with respect to average

detection rate.

Static control limits 72 and Q,

Following the methodology presented in Section 3.2.1, the nPCs K of MPCA or MPLS
are determined by evaluating the traditional objective function reported in other studies
(refer Eq. 3.18 and 3.19) on validation set. The nPCs that result in the lowest validation
errors are 16 and 7 for the MPCA and MPLS models respectively (Model No. 1 and 2 in
Table 3.2,). Figs. (3.6)-(3.7) show the performance of the MPCA and MPLS models with
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static control limits in 6 batches of the test dataset that corresponds to 6 different faults.
MPLS performs better than MPCA for detecting faults with FD test accuracy of 78.26%
and 75.48% for MPCA. For these two models (Model No 1 and 2), the FDR of the normal
and abnormal samples in different faulty parts of the test dataset are presented in Table
3.3. It should also be noticed that the nPCs in MPLS is significantly lower as compared
to the nPCs of MPCA resulting in superior FDR for the test dataset. This result hints at
the merit of including the output indicative variable, i.e. the fermentation time, in MPLS

since it results in a smaller number of significant latent vectors.
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Figure 3.6: Plots of T} and static control limits T for six different faulty batches of the
test dataset based on JMFPY4 as the objective function (a = 0.01).

Dynamic control limits 7 , and Q.

To improve the FDR results, dynamic control limits Tlia and @y were used instead of
the static control limits used above. Gaussian kernel density functions were fitted to
the T7

train d0d Qg train of the training dataset at each time interval k to estimate the
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Figure 3.7: Plots of (J; and static control limits @), for six different faulty batches of the
test dataset based on JMFPC4 as the objective function (o = 0.01).

control limits T}, and Qo with a pre-specified significance level a = 0.01. nPCs K are
selected using the objective function commonly used as described in section 3.4.1. It was
observed that the number of principal components are same for both MPCA and MPLS
as obtained with static limits. However, there is a significant increase in the FDR, 83.20%
with MPCA and 84.09% with the MPLS FD model (refer Model No. 3 and 4 in Table 3.2).
This demonstrates that the use of dynamic control limits significantly increase the FDR.
The improvements in FDR accuracy with dynamic bounds arises from the ability of these
bounds to deal with the model nonlinearity. Since MPCA and MPLS are linear models,
following linearization arguments it is evident that different linear models should be used to
approximate the nonlinear process behaviour at each time interval. Different linear models
translate into different control bounds at different time intervals. At the same time, the
superiority of MPLS as compared to MPCA is maintained also with dynamic control limits
since the nPCs of MPLS are less as compared to MPCA. The overall superiority of MPLS
as compared to MPCA motivated the development of a MPLS equivalent deep learning
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architecture (MPLS-AE) to capitalize on the advantages of MPLS and the ability of AE

to deal with nonlinear behaviour.
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Figure 3.8: Plots of T and dynamic control limits T,ia of six different faulty batches of
the test dataset by using JMFES as the objective function (o = 0.01).

3.4.2 MPCA and MPLS with JMPCA-MPLS.FDR

The focus of this subsection is on evaluating the performance of novel objective function
JMPCA=MPLS,FDR 1yroposed in this work, for linear MPCA and MPLS FD model and com-
pare these with the traditional objective function. Then, we also compare the performance

of FD models based on JMPCA=MPLS.FDR with static and dynamic control limits.

Static control limits 7?2 and Q,

Egs. (3.3)-(3.7) were used to evaluate T, Qy, T, and Q,. The number of principal com-
ponents K for both MPCA and MPLS were selected by evaluating the objective function
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Figure 3.9: Plots of (), and dynamic control limits @)y, , for six different faulty batches of
the test dataset based on JMPLS as the objective function (o = 0.01).
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Figure 3.10: Novel FDR loss function as a function of principal components for Model 1
(MPCA with static control limits) for validation dataset
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JMPCA=MPLS,FDE o yalidation dataset. It is observed (presented in Table 3.2) that 2 PCs
were found to be optimal in order to minimize the validation error for both the MPCA
and MPLS models. In this case, the MPCA and MPLS models achieve 81.83% and 81.99%
FDR test accuracy respectively. This confirms our earlier argument that the FDR accuracy
is highly related to the nPCs and the over-fitting of noise. The comparison of both the
models with their counterparts in terms of FDR test accuracy, i.e the comparison between
MPCA model with JMF¢4 (Model No. 1; 16 PCs) versus JMPCA=MPLS,FDRE (\[odel No.
5; 2 PCs) and MPLS model with JMFPLS (Model No. 2; 7 PCs) versus JYPCA-MPLS,FDR
(Model No. 6; 2 PCs) are presented in Table 3.3. The MPCA model (Model No. 5; 2
PCs) based on the novel objective function performs better than the MPCA model (Model
No. 1; 16 PCs) based on the commonly used objective function. It was also observed that
Model No. 1 is better for faults 3, 4, 5 and 6 faults. Conversely, Model No. 5 has overall
better performance (weighted average fault detection rate FDR)and has lower false alarm
rate (by about 10%). Moreover, the results are consistent in terms of the higher FDR for
MPLS models as compared to MPCA FD models. It should be noticed that the resulting
improvements are in the overall weighted fault detection rate and have significantly low
false alarm rates but not necessarily on detection of individual faults since the latter will
require supervised learning (see Table 2). For example, Table 3.3 shows that Model 5
achieves a higher weighted average test accuracy (FDR, refer Table 3.2) but lower detec-

tion accuracy for individual faults.

On the other hand, it is also possible with our approach to enhance the individual fault
detection rate while maintaining a similar or better FDR,orma. The plot in Figure 3.10
shows the loss function obtained with Model 5 as a function of the number of principal
components (nPCs). It can be seen that there are multiple local minima of the loss func-
tion at different nPCs 7, 11, and 18. Improvement in the individual fault detection rate
(W&Rabnormul) can be achieved by maintaining similar false alarm rate using the novel FDR

objective function by choosing a different minima from the one used, preferably a minima
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corresponding to nPC similar to the one used with the traditional objective function (nPC
= 16, refer Table 2 in the manuscript). Individual FDR,ormar and F DR ypnormar 1S €sti-
mated for the different local minima for individual faults in Table 3.4. It can be seen that
for different local minima, both the overall average fault detection test accuracy (FDR)
and the individual fault detection accuracy of different faults consistently increases while
maintaining similar false alarm rates. It should be noticed that different nPCs have higher
FDR and none of these was obtained for the MPCA model with the traditional objective
function. The MPCA model (Model 5) with FDR objective function improves both the
false alarm rates as well as fault detection rates for 18 nPCs with a weighted average fault
detection rate FDR of 82.53% (refer Table 3.4).

Dynamic control limits T,ia and Qo

Based on the novel objective function JYPCA=MPLEFDE with dynamic control limits T2,
and Qo (Model No. 7 and 8), the optimal number of nPCs was 18 and 22 for MPCA
and MPLS model respectively. The use JMPCA-MPLS,FDR
resulted in detection rates of 85.62% for MPCA and 85.72% for MPLS. This is consistent
with the result obtained with static control limits. It is also important to note that MPCA
FD model with dynamic control limits (Model No. 5) detect faults better than MPCA
with static control limits (Model No. 5). The MPLS model based on the novel objective
function JMPCA=MPLSEDR (Nodel No. 8) performs better than the FD model with the

traditional objective function JMPLS (Model No. 4) in most of the time segments of the

test dataset. The performance of the best linear FD model (MPLS Model No. 8), where
JMPCA-MPLS,FDR

with dynamic control limits

the proposed objective function was used to select the nPCs along with

the use of dynamic control limits is illustrated in Figs. (3.11)-(3.12).
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Table 3.2: Comparison of (FDR) test accuracy for different models

Model No. Objective function Model type control limits nPCs FDR %(training/validation/test)
1 JTPCA MPCA static 16 93.03/93.17/75.48
2 JMPLS MPLS static 7 94.24/94.28 /78.26
3 Jhpca MPCA dynamic 16 97.47/97.91/83.20
4 JMPLS MPLS dynamic 7 98.02/97.84,/84.09
5 JMPCA-MPLS,FDR MPCA static 2 93.92/94.18/81.83
6 JMPCA-MPLS,FDR MPLS static 2 94.47/94.55/81.99
7 JMPCA-MPLS,FDR MPCA dynamic 18 97.49/98.16/85.62
8* JMPCA=MPLS.FDR MPLS dynamic 22 07.47/98.20/85.72
9 JMPLS=AE MPLS-AE dynamic 15 98.04/98.66,/87.21

10* JMPLS=AE.FDR MPLS-AE dynamic 15 98.37/98.84/88.64

*Best linear and non-linear models are highlighted with red colour

Table 3.3: Summary of FDRoma1/FDRapnormal for different faults in the test dataset by
using different models

Model No.

Fault No.
1 2 3 4 5 6

© 00 N O U W N+

_
o

78.55,/100.00
83.54,/100.00
86.10,/100.00
86.99/99.99
82.05/99.98
82.62/99.98
84.35,/100.00
86.33/100.00
91.67/100.00
91.73/100.00

91.68/100.00
93.23/100.00
96.43/100.00
96.75/99.63
93.44/100.00
93.64,/100.00
96.45,/100.00
97.18/100.00
98.41/100.00
98.25,/100.00

70.86,/72.71
76.22/24.93
60.70,/73.40
75.42/20.63
78.36,/24.28
78.67/24.36
73.34/74.80
79.42/45.52
70.80/97.07
70.38,/96.63

89.23/78.44
90.84/75.34
95.08/72.97
95.39/75.72
91.33/69.75
91.59/69.02
94.76,72.55
95.25/67.61
97.12/66.25
97.15/68.67

89.81/72.62
92.26/67.58
95.98,/72.62
96.42/67.83
92.73/68.56
92.99/68.32
96.38/72.51
97.09/72.82
97.83,/48.30
97.60,/48.33

60.63/30.86
67.19/69.74
53.24/83.88
63.65/70.88
67.80/60.65
67.74/59.76
63.24/82.63
67.98/71.42
54.25/92.37
54.38/92.15
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Table 3.4: Summary of FDRyormal/FDRabnormal for different faults for Model 5 (test accu-

racy)
Fault No. —_—
nPC i 3 3 1 5 6 FDR %
7 81.78/100.0 91.86/100  76.85/27.88 89.13/81.68 90.3/69.05 66.67/67.79 81.98
11 83.69/100.00 91.60/100.00 73.28/54.18 89.17/78.30 90.78/72.38 63.95/73.10 82.05

18 | 77.26/100.00 91.57/100.00 73.48/79.33 89.45/77.83 91.49/72.42 63.67/82.17 82.53

3.4.3 MPLS-AE with JMPLS-AE

In this part of the study, we employ the nonlinear MPLS-AE FD model trained using the
traditional objective function JMPLS=AF that minimizes the weighted sum of the recon-
struction error and the prediction error of the fermentation time (dummy variable). It
should be noted that we have formulated a NN architecture (MPLS-AE) based on predic-
tion of an indicative variable (refer Section 3.1) since the latter was found, from the com-
parisons above, to consistently enhance the FDR. The hyper-parameters, such as number
of layers, number of neurons in each layer, learning rate, weights etc. are selected using
validation data. The weights of the network are obtained for each set of hyper-parameters
with the training data and the validation data is then used to compare networks with dif-
ferent hyper-parameters to select the best set among them. The hyper-parameter search
is implemented using the Keras-tuner in Python. To perform this search, a grid of hyper-
parameters is defined, for example number of encoder layers = [1,2,3], number of neurons
units for each of these layers ranging from 2 to 100, learning rate = [le~!2e71 3e™!, 1le7?,
range of weights in the objective function 0.01 to 1, etc. Then, the Keras-tuner trains
the model using different combinations of these hyper-parameters values and the averaged
validation accuracy is evaluated at every epoch. The models are trained with a few epochs
in the start and the selected models with high validation accuracy are chosen to be trained
for more epochs with a early stopping technique. The best run with highest validation ac-
curacy and the combination of hyper-parameters for the run are used to evaluate the test

accuracy. The loss function as a function of the number of latent variables of the hidden
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Figure 3.11: Plots of 7 and dynamic control limits T, for six different faulty batches of
the test dataset based on JMPCA-MPLS.FDE 44 the objective function for the MPLS model
(v =0.01).

layer of the MPLS-AE network is shown in Fig. (3.13). This figure indicates that the loss
function does not significantly decreased beyond 15 latent variables (optimal number of
units). Similar to the procedure described in section 3.4.1, the dynamic control limits H ,f,a
and (k. can be obtained by estimating the distribution of Hi,trm’n and Q. ;i at each
time interval. A FDR test accuracy of 87.21% is obtained by the MPLS-AE model using
JMPLS=AE o9 the loss function. Model No. 9 in Table 3.3 shows the FDRyormal /FDRabnormal
for different faulty batches in the test dataset.

It should be noticed that the FDR for MPLS-AE is higher than all the other linear
models. This can be attributed to the ability of deep learning models to extract non-linear

features.
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Figure 3.12: Plots of @)} and dynamic control limits (), o for six different faulty batches of
the test dataset based on JMPCA-MPLS,FDE 44 the objective function for the MPLS model
(= 10.01).
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Figure 3.13: Loss of the validation dataset with MPLS-AE model using JMPL5=4F ag the
objective function to train the network.
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3.4.4 MPLS-AE with JMPLS-AEFDR

Finally, we evaluate the performance of MPLS-AE trained with the proposed loss function
to maximize the FDR given by Eq. (3.21) in combination with dynamic control limits.
In order to train MPLS-AE with the proposed objective function, it is essential to evalu-
ate the H , and SPE}, by estimating the distribution of H; and SPE, through KDE.
Additionally, we need to evaluate the cumulative distribution function for a pre-specified
significance level « (refer Eq. 3.17). A Genetic Algorithm (GA) was used for training the
NN. GA is an evolutionary algorithm used to search for the best individual (here, each
individual corresponds to weights of MPLS-AE) from a larger set of individuals (termed
as 'population’). Each individual of the population is subsequently ranked on the basis of
a metric, conventionally termed as ‘fitness’. The purpose of this metric is to assess the
goodness of fit of the predictions made by the model. We use the novel objective function
in this work as a fitness function for training MPLS-AE. The ranked population is then
operated upon by genetic operators (selection, mutation and crossover), resulting in a new
population. This loop runs for a specified number of generations which must be input
by the user at the start of the optimization, along with the number of individuals in a
population (population size). After the specified number of generations, the best set of
candidate solution are obtained. We emphasize here that the initial guess for the GA opti-
mization is the solution obtained in the previous section, i.e. with the model trained with
the traditional objective function. This is done to speed up the solution search. While this
may restrict the optimization result to a neighborhood of the initial guess, it was sufficient
to show improvements due to the use of the new FDR oriented objective even with the

same model architecture (see Section 4.3).

Figs. (3.14)-(3.15) show the performance of MPLS-AE model with dynamic control
limits and JMPLS-AEFDE for the test dataset. A 88.64% (Model No. 10 in Table 3.2)
FDR accuracy is obtained with the MPLS-AE model that use JYFLS=AEFDE thyg corrob-
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orating the importance of using this objective to improve detection. In comparison with
the Model No. 9, both MPLS-AE models have a close process monitoring performance in
different types of faulty batches in the test dataset. However, in general, as shown in Table
3.2, the MPLS-AE trained with the novel objective function JMPLS=AEFDE raqults in a
higher FDR. In comparison with the best linear model i.e. the MPLS model with dynamic
control limits (Model No. 8), the MPLS-AE model provides a significant improvement in
most parts of the test dataset. For example, in normal samples of fault number 1 and
2 batches, the MPLS-AE achieves 5% and 1% higher FDR accuracy as compared to the
linear MPLS model, respectively. MPLS-AE model is 54% more effective in detecting fault
3 than MPLS.

While Table 3.2 also shows that the average fault detection rate FDR of Model 10 is
higher than the one obtained with Model 9, the detection rates of individual faults (abnor-
mal samples) do not always improve with Model 10 as compared to Model 9. However, it
should be noted that the network architecture used for Model 10 with the new objective is
the same as that used for Model 9 i.e., the hyper-parameters of the network are same for
Models 9 and 10. While the hyper-parameters of Model 10 could be optimized to further
minimize the loss and possibly improve detection rate of individual faults, the focus was
on demonstrating that even with the same architecture the model with the FDR objective
function (Model 10) results in higher average weighted test accuracy (FDR) as compared

to model 9 that uses the traditional training objective.

To further compare the models, the fault detection time for all models was calculated
and is shown in Table 3.5. The fault detection time is estimated as the time-sample
difference between the fault occurrence and fault detection (i.e. T7 or Qy and H? or SPE},
in case of the non-linear model, violate their corresponding thresholds). The detection

time is calculated for 600 batches (testing data) for different faults and only the averages
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are reported for brevity. It is observed that the average fault detection time in the MPLS-
AE based models (Models 9 and 10) have average fault detection time closer to the mean
of detection time obtained for all the other models (Models 1-8). Thus, the improved
detection rates with the NN based models are not achieved at the expense of detection

times.

Table 3.5: Summary of the average detection time for different models (averages are on
600 batches (testing data))
Model Average detection time
1 8.07
12.43
7.20
11.12
13.45
13.47
7.31
9.14
10.52
10.24

© 00 ~J O T W N
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3.5 Conclusion

In this work, a novel objective function is proposed for unsupervised batch process mon-
itoring. Both linear and non-linear fault detection models were employed and compared
in terms of fault detection capabilities. A Multiway Partial Least Squares Autoencoder
(MPLS-AE) NN architecture was also designed to include an indicative (dummy) output
variable, i.e. batch age, to further enhance the average fault detection rates. The hyper-
parameters of FD models were selected by the minimization of two different objective func-
tions: i- a traditionally used objective function involving reconstruction errors and ii- a
novel objective function that is explicitly dependent on the fault detection rate. We demon-

strated that the use of the proposed objective function provides a significant improvement
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in fault detection accuracy for both linear and nonlinear models but the improvement is
larger with the nonlinear MPLS-AE. The key reason behind this improvement is that the
metrics used for evaluating detection rates are functions of latent variables and these de-
pend on the objective function used for training. When the objective function is explicitly
related to the detection rate, the resulting latent variables are most informative about the
faults. Both static and dynamic statistical control limits were applied with all methods. A
case study of industrial penicillin batch dataset suggests that the use of dynamic control
limits result in significant improvements in detection for all methods. Furthermore, it was
also found that the proposed MPLS-AE which is trained by the minimization of the novel
objective function along with dynamic control limits performs better than the best MPLS

model. This confirmed the ability of MPLS-AE to tackle nonlinear system dynamics.
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Chapter 4

Unsupervised Fault Detection of
Pharmaceutical Processes Using
Long Short-Term Memory

Autoencoders

Overview!

In this chapter unsupervised multi-layer Long Short-Term Memory Autoencoders (LSTM-
AEs) models are proposed for monitoring non-linear batch processes. The methodology is
demonstrated for a simulation-based study of an industrial-scale penicillin process and for
an industrial vaccine manufacturing process using production data. The LSTM-AE model

was trained with two different loss functions: minimizing mean square error (MSE) between

! Adapted from Aghaee, Mohammad, et al. “Unsupervised Fault Detection of Pharmaceutical Processes
Using Long Short-Term Memory Autoencoders.” doi.org/10.1021/acs.iecr.3¢00995
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the input and reconstructed data, and maximizing the average fault detection rate (FDR)
in the training data set. Two algorithms are also proposed for obtaining contribution
plots for the diagnosis of faults. For the industrial study where the faults are not known a
priori, the contribution plots are found to be a valuable tool for identifying possible sources
of faults. The proposed unsupervised algorithms exhibit clear improvement in accuracy
over linear methods or nonlinear techniques that do not explicitly account for dynamic

behaviour.

4.1 Introduction

Due to strict regulations, pharmaceutical manufacturers face significant challenges for
achieving high productivity while maintaining normal process states. Variability in raw
materials and other operational disturbances in the upstream and downstream processing
can cause the process to deviate from normal operating conditions. It is important to
note that such deviations, in conjunction with the requirement to maintain process inputs

within bounds often lead to reduced productivity.

Pharmaceutical processes are mostly operated in batch or fed-batch modes to reduce
contamination risks. Nonlinear behaviour is a salient characteristic of batch processes since
the system evolves through a wide range of operating conditions as compared to contin-
uous processes where the system is generally operated in the neighborhood of a specific
steady state. In current industrial practice, batch processes are commonly monitored and
controlled using statistical process control (SPC) techniques [MacGregor and Kourti, 1995,
Martin and Morris, 1996, Ge and Song, 2012].

When a mechanistic nonlinear model of the process is available, faults can be identified
and detected by utilizing probability based techniques [Du et al., 2015]. In the absence of
nonlinear mechanistic models, machine learning and deep learning techniques can be used

for monitoring of nonlinear systems.
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There have been numerous studies on the use of deep learning models for process
monitoring of nonlinear processes. A variety of deep learning architectures have been
employed, including convolutional neural networks (CNN) [Chadha et al., 2019], recurrent
neural networks (RNN) [Zhang et al., 2019a, Ren and Ni, 2020], and autoencoder neural
networks (AEs) [Cheng et al., 2019, Park et al., 2019, Yin et al., 2020].

Fault detection models are generally grouped in two categories according to the mea-
sured variables that are used for model calibration. Models that are calibrated based on
both inputs and faults are considered as supervised whereas models that only use input
variables for calibration are considered unsupervised. In pharmaceutical processes, such
as the ones considered in the current work, the faults are often unknown a priori and thus

unsupervised monitoring methods are the only option for monitoring them.

AEs are a type of unsupervised learning neural network designed for analyzing nonlinear
processes that learn by reconstructing the original inputs as accurately as possible [Gao
et al., 2020, Le et al., 2015]. These AEs architecture are considered as unsupervised since
they do not use any information on the faults and they are solely calibrated based on the
inputs. The AE neural network is composed of two serially connected networks referred
to as encoder and decoder respectively. The role of the encoder is to compress the input
space into a lower dimensional space known as latent (or hidden) variables. Then, the
decoder’s function is to reconstruct the input space from the latent variables. Thus AEs
can be conceptualized as a nonlinear principal component analysis (PCA) decomposition
following their ability to compress the larger input space into a smaller latent variables’
space [Agarwal et al., 2022, Yu and Zhao, 2019].

Two types of multiway partial least square autoencoders (MPLS-AE) for batch pro-
cesses were recently reported by Agarwal et al. [Agarwal et al., 2022], one trained to mini-
mize the mean square error (MSE) between the input data and the reconstructed data, and
the other trained to maximize the average fault detection rate (FDR). These MPLS-AE

were applied to the Industrial Penicillin Simulator (IndPenSim) case study [Agarwal et al.,
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2022]. These MPLS-AE models provided significantly higher detection rates as compared
to linear MPCA and MPLS models for the IndPenSim case study. Furthermore, the results
demonstrated that models which are trained by maximising (FDR) provide a higher level
of process monitoring efficacy as compared to models that were calibrated to minimize the
reconstruction error. It was further shown in the study of Agarwal et al., that dynamic
(varying) upper control limits are significantly more effective at monitoring processes than

fixed upper control limits.

In an additional study a batch-wise LSTM-AE model was proposed for monitoring non-
linear batch processes [Ren and Ni, 2020] that captures both between- and within-batch
dynamic features simultaneously in nonlinear batch processes by using sliding through
batch-wise input sequences. In that study, dynamic upper control limits of process mon-
itoring metrics, H? and SPE, were used to monitor the Penicillin Simulator (PenSim)
benchmark. A set of samples collected at sample time k& from different batches is fed to
the model to reconstruct the sample time % in the b** batch. In other words, the goal was
to capture the dynamic correlation between sample time £ of the current batch b and the
same sample time in a few prior batches. Thus, in that study the "Long Short Term Mem-
ory (LSTM)” feature of the network was used to capture a dynamic correlation between
different batches. It should be also noticed that the algorithm in [Ren and Ni, 2020] was
trained based on the minimization of the reconstruction error. It will be shown in the cur-
rent study that the use of detection rate oriented objective function to train the LSTM-AE
results in significantly better results as compared to the use of the reconstruction error for

model calibration.

While dynamic correlation between successive batches may be suitable for batch pro-
cesses that experience slowly occurring external or seasonal disturbances, such correla-
tion may not necessarily occur in many pharmaceutical processes since raw materials may
change very frequently thus ruling out a dynamic correlation between successive batches.

For example, one of the case studies used in the current work considers a fermentation
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process for the production of antigens of the whooping cough vaccine where for each batch
the raw materials may be different than for the previous batch. Hence, in the current
study, an AE-LSTM structure that is based on a sequence of samples from the same batch

different from the ones reported above had to be developed for fault detection.

One distinctive advantage of statistical process control monitoring techniques is their
ability to generate contribution plots that inform what is the relative contribution of the
input variables to a particular fault. This information is instrumental for making pre-
dictions of possible faults entering the system and for suggesting ways for mitigating the
effects of these faults on the system. Thus, obtaining the contribution of process variables
are essential after detecting the fault for restoring the system to normal operation [Vedam
and Venkatasubramanian, 1999, Misra et al., 2002, Luo et al., 2017, Wu and Zhao, 2018].
To the knowledge of the authors, the generation of contribution plots based on AE-LSTM

models has not been reported as yet.

All unsupervised process monitoring methods are based on the premise that the ranges
of input values defining the region of normal operation are known a priori. Then, the model
is trained using data corresponding to normal operation whereas faulty operation can be
detected by assessing the statistical significance of the deviations of new measured inputs
from inputs that correspond to normal operation [Nomikos and MacGregor, 1994, Dong
and McAvoy, 1996]. If the process has been optimized, the normal operating region is
assumed to be a neighborhood of the mean values of controlled and manipulated variables.
However, in some situations, as shown for one of the case studies in the current work,
the region of normal operation is not clearly defined a priori and the mean values of the
manipulated and controlled variables do not necessarily correspond to normal operation.
This can happen when the set-points in the controlled variables have not been optimized
with respect to the productivity and the disturbances entering the process. Such situations
have not been specifically studied in the literature and they must be resolved in order to

train the unsupervised detection algorithm to detect deviations from normal operation.
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It will be shown in one of the case studies that generating a region of normal operation
requires a particular semi-supervised approach based on limited measurements of quality

variables. In semi-supervised learning a limited amount of labeled data is used for training.

To address the limitations that were identified from previous studies as reviewed above,
the present work proposes an unsupervised time-wise Long Short-Term Memory Autoen-

coder (LSTM-AE) network to identify and diagnose batch process faults.

The novel contributions related to the proposed approach are: i- development of an
unsupervised LSTM-AE model for fault detection. ii- generation of contribution plots
based on the hidden variables of the LSTM-AE model. iii- development of an approach to
choose a region of normal operation for unsupervised fault detection. iv- validation of the

algorithm for a simulator based case study and for an industrial case study.

The proposed LSTM-AE algorithm is composed of three elements: i- training of the
LSTM-AE model using successive samples from normal batches within a finite time horizon
and based on a fault detection oriented objective function (if the region of normal batch
operation is not known a priori a semi-supervised approach based on partial knowledge
of quality variables is used to defined such region), ii- Use of Gaussian kernel density
estimation at each sampling time to determine upper control limits on hidden variables
and detecting faults based on these limits, and iii- Generation of contribution plots for
each process monitoring metric are generated based on the latent variables to identify the

underlying cause(s) of faults.

In the present study, the effectiveness of the proposed methodology in detecting and
diagnosing faults is evaluated on two case studies: the simulation-based IndPenSim case
study [Goldrick et al., 2015, 2019] and ii- a real-world process of manufacturing B. pertussis
vaccine at the Sanofi Toronto facility [Zavatti et al., 2021]. The simulation study was
motivated by the fact that the faults are known although that knowledge is not available
to the unsupervised detection algorithm. Knowledge of the faults permit to accurately

assess the ability of the network to detect the faults thus testing the performance of the

63



proposed algorithm. On the other hand, for the second industrial case study, the faults are
not known and thus the performance of the detection algorithm can only be assessed by
validation. An additional challenge in the second case study is that the region of normal
operation was not available and it has to be determined before the detection algorithm

could be developed.

4.2 Preliminaries

4.2.1 Long Short-Term Memory (LSTM)

LSTM is a particular type of recurrent neural network (RNN) that describes long- and
short- term effects of past events [Hochreiter and Schmidhuber, 1997] on current events.
RNNs in general and LSTM in particular are designed to resolve the gradient vanishing and
long-term memory loss problems that affect other types of neural network architectures.
Besides the hidden state, a LSTM unit has a cell state to remember past values. A LSTM
unit also contains three gates referred to as the input, forget and output gates to regulate
the flow of information of accepted values from the current input, past cell state and the
current cell state respectively. Each component of the LSTM unit is updated according to

the following equations:

i o(Wiize + by + Whihi—1 + bp;)

fi =oWipzy + b + Whphi—1 + byy)

g = tanh(Wigx, + big + Wighi—1 + big) (4.1)
0y = 0(Wioxs + bio + Whohi—1 + bno)

a6 = fixc1+ i kg

hy = oy * tanh(c;)
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where h; , ¢; are the hidden state and cell state at time ¢ respectively, ;, f; and o, are the

input, forget and output gate, g; is the cell gate, o is the sigmoid activation function, * is

the Hadamard product.

4.2.2 Autoencoder (AE)

As shown in Figure 4.1, AEs are traditionally composed of three parts: encoders, decoders
and embeddings. An AE is trained in an unsupervised manner to extract patterns from
data and reduce its dimensionality. In the encoder, the input data is compressed onto a
reduced latent space, and the decoder reconstructs back the inputs using the outputs of
the hidden layer. Consider x as the input vector for sample time k£ to an AE, then for
a single hidden layer to convert the input variables to the latent space elements h € R"™»

(latent variables) for time sample k () the encoder performs the following operation:
hy = fo(Wexi + b)) (4.2)

where f., W, € R™*f and b, € R™ are the nonlinear activation function, the weighting
matrix, and the bias vector of the encoder neural network. Then, the decoder reconstructs

the input variables from the hidden variables h; as per the following operation:
Xk = fa(Wahy + by) (4.3)

where f;, Wy € R”*™ and by € R™ are the nonlinear activation function, the weighting
matrix, and the bias vector of the decoder neural network respectively. To train the LSTM-
AE model, the traditional approach is to minimize the reconstruction error, i.e. the mean

square error (MSE) between the input and reconstructed data, as described below:
0 = argmin Y _ |3y, — | (4.4)
0
k=1
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Encoder Decoder

Figure 4.1: Schematic of an autoencoder (AE)

where n is the number of samples and 0 = {W,, Wy, be, by} is the set of AE’s parameters.

4.2.3 Batch synchronization - Indicator Variable (IV)

Due to process variability, the batches may have different duration and they may progress at
different speed in terms of cell growth or amount of secreted product. The need to compare
batches of different duration that progress at different rates motivates the introduction an
‘indicator variable’ that is informative about the degree of completion or progress of the
fermentation process. For example, an indicator variable that is defined as equal to the
sampling time divided by the overall duration of the batch will show the “maturity” or
“percent completion” of the batch. Then, the progress of other process variables are
assessed in the model relative to the progress of the indicator variable. Variables other
than normalized sampling times may also serve as indicator variables. Since the indicator
variable describe a degree of completion of the process it must be monotonic, e.g v (tk) >
iv(tk—1) (for a monotonic increase pattern of the indicator variable iv). Different indicator
variables may be defined for different time intervals along the batch. For example, during
fed-batch operation, the volume of the fermenter can serve as indicator variable since it

increases monotonically thus describing the progress of the fermentation process towards
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completion. For that purpose, the process can be divided into phases (time segments) to
identify an indicator variable that is most suitable for each phase where such suitability
can be decided on the basis of model validation. The use of indicator variables has been
reported for many industrial or theoretical researches such as an industrial semi-batch
emulsion polymerization reactor [Kourti et al., 1996] or a fed-batch penicillin production
benchmark process simulator [Undey et al., 2004]. It is also worth mentioning that for the
purpose of online detection of a new batch and since the exact duration is not known in
the priori, the indicator variable is based on the average duration of all the batches in the

training data set.

4.3 Proposed Methodology

4.3.1 Long Short-Term Memory Autoencoder (LSTM-AE)

The inputs to the LSTM-AE network are a time-wise moving window of samples at sample
time x,. The network encodes these inputs through multiple LSTM layers into a lower
dimensional latent space and subsequently, it reconstructs back the inputs through multiple
layers of the decoder part of the LSTM-AE. As shown in Figure 4.2, we denote the sample
of b™" batch at time k as 2°(k) € R’. The input sequence into the proposed LSTM-AE and
to be reconstructed back by the decoder for sample 2°(k) is denoted as X? = {2°(k —w +
1),...,2°(k)} € R®*/ in which w is the length of time-wise moving window. For the initial
w — 1 time intervals, the input sequence is initialized to X? = {2°(1),...,2%(k)} € R**7.
The LSTM unit of each layer operates on the input sequence X? or the hidden state
sequence from the last layer and calculates the following hidden state according to Eq. 4.1.
After forward-propagation of the input sequence layer by layer, the deepest hidden state,
hdeerest(k) | shown by the blue colored unit in the Figure 4.2, is fed as input to the decoder.
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xP(k—W+1) xP(k—1) xP(k)

Figure 4.2: A simple illustration of the LSTM-AE network structure.

The decoder is trained to regenerate the sample 2%, of the input sequence X? as follows:
(k) = fa(h®P (k) (4.5)

where 2°(k) and f; are the reconstructed sample time & in b"* batch and the multi LSTM
layers function of the decoder network respectively. The parameter set of the LSTM-AE

network, 6, can be jointly estimated by solving the following optimization problem:

0= arggminz > a0 (k) — 2" (k)| (4.6)

Detection rate oriented loss function used for LSTM training

Since our primary objective is to maximize the FDR, we propose an alternative objective
function for model training to the reconstruction error loss function that is traditionally
used for network training. However, for the purpose of fault detection, the most relevant
objective function for training the LSTM-AE model is to maximize the number of correctly
detected samples in the training data set. Moreover, due to the fact that all samples used
to train an unsupervised learning model correspond to normal operation, the calculated
process monitoring metrics should be below their associated upper control limit at each
sampling time. Accordingly, to train the weights of LSTM-AE model, we are considering
a loss function which is explicitly tailored to the FDR objective by enforcing the upper
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control limits as follows:

0 =argmax » Y [H, < HY,] and [SPE,), < SPEy] (4.7)
0 bk

where Hf’k and SPE,, are the process monitoring metrics at sample time & in the b
batch of the training data set, and H ,f’a and SPE}, are their associated upper control
limits with a significance level of « that can be calculated from Eq. 4.8. In Eq. 4.8 F(Mjy)
is the probability density function, G(x;;0) is the Gaussian kernel and b, represents a
bandwidth parameter, which is selected from the Silverman algorithm [Silverman, 2018].
The loss function (Eq. 4.7) trains the LSTM-AE model to detect the normal samples by
enforcing the process monitoring metrics (H* and SPFE) which are a function of the hidden

variables h and input reconstruction error.

Glrs;0) o eap( — 25) (48)
L—a= [, o FOM) dM,

min My, ¢rain

4.3.2 Average fault detection rate

To quantify the performance of the algorithm, the average fault detection rate (F'DR)
can be evaluated based on the average detection rates of normal (FDR,,) and abnormal
samples (FDR,) as follows:

_ FDR,+FDR,
FDR = e B
n, B
FDR, =3 5 [H}, < H},] and [SPEg, < SPEy] (4.9)
e
FDRa = Z Z [ng,b > Hl?,a] or [SPE]M, > SPEkﬂ]
\ k=1 b=1
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where n,, n, and B are the number of normal samples, the number of abnormal samples
and the total number of normal batches in a particular data set, respectively. A sample is
detected correctly as in normal operation if both its corresponding Hy, and SPE},, values
are below their upper control limits. Otherwise, if the sample corresponds to normal
operation but its H,f’b and SPE}; exceeds one or both of the limits, normal operation will
be falsely detected as abnormal. In contrast, abnormal samples will correctly be detected as
abnormal if either H, or SPE} or both exceed their control limits. Conversely, abnormal
samples will be falsely detected as normal if their H ,f’b and SPE}; do not exceed the upper
control limits. Finally, the overall FDR is obtained from the weighted sum of FDR,, and
FDR,. It should be noticed that FDR is a quantity that can be calculated accurately
only when we know with certainty that a fault has occurred. Certainty about the fault is
only possible in simulation studies where the occurrence of the fault is known but it is not
possible in actual industrial problems when the occurrence of a fault is not known. For the
latter situation an alternative quantity to F DR is proposed to quantify the performance

of the fault detection algorithm.

4.3.3 A metrics based on an average of process monitoring met-

rics along the batch

As details about the faults such as their type, their time of occurrence, and their magnitude
are often not available must be determined (measurable) in real-world processes, the FDR
cannot be accurately quantified to assess the performance of the algorithm. For example,
in our second case study, the faults are not available and the decision whether a situation
is normal or abnormal is based on measurements of the final batch productivity. Since
product is continuously accumulating in the batch reactor, the final productivity is related
to the evolution of the batch from beginning to end rather than on events at a particular
time point along the batch. In such case, to assess the occurrence of a fault and the

effectiveness of the process monitoring model, it is not relevant to look at violation of
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upper control limits at a particular time point. Instead, we propose an alternative measure
that is equal to the average distance between the process monitoring metrics and their
upper control limits over the entire batch duration. This measure permits us to assess
both the occurrences of faults along a batch as well as the process productivity. The
process will be identified as a low productive process if Dy violates its threshold Dfresheld,

This metric is formulated as follows:

HEy | SPEwy7 - ¢ 772 2

Dy, > Dihreshold . fanlty batch/low productivity (4.10)

D, < Dihreshold . normal batch/high productivity

where Dj, refers to the sum of all the ratios of the process monitoring metrics and their upper
control limits where the index k refers to a sample along the batch for which the metrics
exceed their upper control limits. In principle, since D, is the average of ratios between
each metric to its upper bound, Di"¢shold should be one which corresponds to each metric
being equal to its control limit. However, in practice, a value slightly larger than one was
used to account for the noise in the measurement of productivity and for modelling errors.

The actual value of the threshold D*r¢shold was found based on a validation procedure.

4.3.4 Fault Diagnosis - Contributions of individual variables to

the detection metrics

Statistical control charts provide an alarm when an abnormal situation is encountered, but
do not provide any further information about the cause of the abnormality [Miller et al.,
1998]. Therefore, it has been proposed in the literature to calculate the contributions
of each measured variable to the fault detection statistics. Then, it is possible to extract
information about the faults from these contributions that could serve to hypothesize about

different sources of faults. While contributions of measured variables to the metrics used
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for detection have been reported for multivariate statistical methods such as PCA, such
plots have not been reported for LSTM-AE unsupervised learned models such as the one
used in the current study. The calculations of the contributions of the measured variables

to each of the proposed metrics Hj, , or SPE} used in the current work are detailed below.

Contributions of variables to H?

In a Principal Component Analysis (PCA) model, the contribution of each variable to the
Hotteling’s T? can be calculated based on loading, score vectors, and eigenvalues of the
input data covariance matrix [Mnassri et al., 2009]. In contrast to PCA models, neural
network models cannot be mathematically expressed as a superposition of products of
scores by loading vectors. Thus, classical approaches cannot be used to determine the
contribution of H? to each variable. It is noteworthy that H? is somehow equivalent to
the T2 in a linear PCA model. For AE models, the variables in the hidden layer of the
network can be interpreted as the latent variables of the model since the hidden layer is a
lower dimensional representation of the high dimensional input layer of the network. In the
current study a numerical algorithm 1 is proposed for finding the contribution to H? from

each variable. Where ny, n,, ny, ny and B are the number of samples in a batch, number of

Algorithm 1 Finding variables’ contributions to H?>
1: Train the LSTM-AE network and find the hidden variables of the training data set,
htram € Rnkmu’nba
Obtain the average of hyqin from the batch index, hyqin € R™™,
for batch b € {1, ..., B} do
Ahb = hfb - Btrain;
Input Ahy to the decoder network of the trained AE model and calculate the decoder
output AXj, (see Figure 4.3); AX, € R""r,
end for
Calculate AX = {AX,|Vb € {1, ..., B}}; AX € R"B
Obtain the average of AX from the batch index, AX € R""f,
Generate a bar chart from |[AX]| as the contributions of each variable to H2.
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Figure 4.3: The decoder network of the trained LSTM-AE for computing H? contributions.

units in the deepest layer of the AE model, number of training batches, number of variables
and number of testing batches, respectively. The |AX]| indicates the H?-contribution of
process variables over time. Moreover, the H?-contribution for the entire duration of the

process can be determined by averaging |[AX]| from the index of time.

Contributions of individual variables to SPE

The algorithm 2 illustrates how to determine the contribution of each variable to SPE.
These contributions are directly related to the reconstruction error of the LSTM-AE model,

i.e. the differences between the inputs and the reconstructed inputs. The |E| indicates the

Algorithm 2 Finding variables’ contributions to SPE
: for batch b € {1, ..., B} do
Input X, € R""f to the trained AE model,
Save L) = Xb — Xy, By € R,
end for
. E={FEyVbe{l,..,B}}; E € RwnrB,
. Obtain the average of E from the batch index, E € R™"/,
. Generate a bar chart from |E| as the contributions of each variable to SPE.

S P E-contribution of process variables over time. Moreover, the S P FE-contribution over
the entire duration of the batch can be determined by averaging |E| from the index of

time.
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4.3.5 Case studies

Industrial Penicillin Simulator (IndPenSim)

This case study is conducted with the IndPenSim code [Goldrick et al., 2019] that simulates
the batch fermentation of penicillinwww.industrialpenicillinsimulation.com. The simulator
is used to generate a data set of 700 batches in total. The total fermentation time of
each batch is 230 hours (1150 time samples per batch) and includes 25 measured input
variables. There are six different types of faults considered in this case study. Different
types of faults may occur at different time intervals with varying magnitudes, as shown in
Table 4.1. A complete data set is comprised of 100 batches of normal operation, as well as
100 batches for each type of fault. Only batches with normal operation are used for model
calibration corresponding following the proposed unsupervised learning approach. These
normal operation batches are divided into training and validation sets. An LSTM-AE
model is trained using 80 normal batches, and the network hyperparameters are determined
using the remaining 20 batches. As a test data set, we use the remaining 600 batches. To
train the LSTM-AE model, the training set samples are normalized between 0 and 1 using
min-max normalization. A key goal in this case study is to test the accuracy of the
methodology which can be checked at each time interval during the batch since the faults
are available from the simulator. Although the faults are generally not available in actual
industrial problems such as the second case study, the results are used to test the actual

false alarm rate FAR at each time interval.

Bordetella pertussis vaccine manufacturing process at Sanofi

We consider an industrial case study involving B. pertussis fermentation for the production
of antigens that constitute the cellular whooping cough vaccine. Figure 4.4 illustrates a

schematic of the Sanofi process. A batch fermentation consists of two parallel fermenter

trains (train 1: {F}, Fy, F3} and train 2: {Fy, Fs, Fs}). The 20L fermenters (F; and Fy)
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Table 4.1: Description of different types of fault, [Agarwal et al., 2022].

fault in magnitude time (hr)
aeration flow rate (L/hr) 20, 20 [20, 24], [100, 110]
vessel back pressure (bar) 2,2 [100, 104], [200, 230]
substrate feed rate (L/hr)  2,20,20 [20, 30], [76, 92], [200, 214]
base flow rate (L/hr) 5, 10 (80, 84], [140, 160]
coolant flow rate (L/hr) 2 (70, 90]

all of the above faults

which also known as seed fermenters are grown for approximately 22 to 25 hours. At the end
of the seed fermentation, the material of Fy (or Fy) will be moved to the 200L fermenter
Fy (or F5) which is referred to as intermediate fermenter. Intermediate fermentation is
also complete within approximately 22 to 25 hours. After completion, the culture of the
intermediate fermenters F5 and Fjy are transferred to 2000L production fermenters F3 and
F% respectively. The production fermenters have the longest duration compared to the
smaller fermenters taking 56 hours to completion. The production fermentation is divided
into two stages: i. batch and ii. fed-batch. Component Pertussis Supplement is added to
the production fermenters when the initial supply of nutrients is exhausted, as indicated
by a noticeable decrease in oxygen consumption, which is also indicated, by a decrease in
airflow and agitation. Component Pertussis Supplement is fed into the fermenter for the
remaining duration of the fermentation process. Finally, the cultures of four production
fermenters (two F3s and two Fgs) are combined together and final protein concentration
is measured in the last step by a Kjeldahl method which provides a protein (antigen
component of the vaccine) level indicator. In this work, we focus on the unsupervised
process monitoring of larger F3 and Fy fermenters. The historical data of upstream and
down-stream data that are used in this work are collected by Sanofi company at Toronto.
The database includes 65 sets of four fermenters {Fy, F}, F2, F2} collected for the last
three years. In the Sanofi fermentation process, not only F3 (or Fg) fermenters may be

run for different time duration as compared to other sets of F3 and Fy runs, but also the
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Figure 4.4: A schematic of B. pertussis fermentation process at Sanofi, Toronto.

duration of a F3 fermenter can be different from the F§y fermenter that was run in parallel.
Like most of real-world data, there are some missing data in the data set. The missing
data are completed by using linear interpolation. The occurrence of uneven batch lengths
(durations) is tackled by using indicator variables approach as explained in section 4.2.3.
Since the IndPenSim is conducted with a simulator, all details about the faults are known
at each time interval during the batch, although they are not used in model development
and training. As a result of these details, we are able to evaluate FDR and distinguish
between normal batches and abnormal batches. However, in the Sanofi industrial case
study, there is no information about the faults both in terms of their time of occurrence
and their nature or cause. Thus, in this case study we are unable to evaluate FDR to
quantify the performance of the detection algorithm. Furthermore, in this case study in
contrast with the previous one, because the faults are not known the batches that should be
assumed normal and used for training cannot be clearly identified. Therefore, to establish
a region of normal operation and identify normal batches to be used for model training
we had to rely on a final productivity measurement (Kjeldahl test) of a that is performed
after the purification of the products of two F3/Fy fermenters, i.e. the total product from

4 fermenters, as the metric of normal/abnormal batches. It should be emphasized that
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Figure 4.5: Data points of ID versus normalized Kjeldahl values at Sanofi, Toronto.

the time averages of the measured variables for all the batches correspond to a relatively
low productivity based on communication with Sanofi personnel. Thus, the means of the
process variables cannot be used to define normal operation as done for processes that are
considered to be in control. According to the experts of Sanofi, a normalized Kjeldahl
(productivity) value above 0.73 should be considered normal operation for two F3/Fg pairs
of fermenters and below that value should be considered faulty operation. Figure 4.5
shows the IDs of 65 pairs of batches versus their corresponding Kjeldahl values. Due to
the impossibility to calculate average FDR as in the first case study where the faults were

known, to assess the effectiveness of the process monitoring model in this case study, Eq.
4.10 is used.

4.4 Results and Discussions

Two LSTM-AE models were trained to monitor the processes for each of the two case
studies based on two different optimization problems: i- minimization of the MSE between
the input data and the reconstructed data, ii- maximization of the FDR in the training
data set. Additionally, contribution plots have been provided for diagnosing the primary
root(s) of the faults. It should be noticed that the overall data set is divided into 3 subsets:

i- a training data set that is used to train the models and to obtain the weights of the
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network, ii- a validation data set that is used to obtain the optimal hyperparameters, and
iii- a testing data set that is used to assess the effectiveness of the proposed methodology
in monitoring the case studies. There are a number of hyperparameters in the model
including the number of layers, the number of units in each layer, the learning rate, and
the time horizon window (W). These parameters are tuned to obtain the extreme of the
loss function on the validation data set. Python’s Keras-tuner is used to implement the
hyperparameter search. To perform this search, a grid of hyperparameters is defined, for
example number of encoder layers = [1,2,3], number of units within layers = [2, 4, 8, 16],
learning rate = [le7'2e713e7!, 1le7?] and W = [1, 2, 4, 8, 16, 32, 64]. Some of these
hyperparameters have been removed from the search due to overfitting issues (such as a

large number of units) or insufficient memory for storing large variables (such as a large

number of W).

4.4.1 Results in IndPenSim case study

Two LSTM-AE models of the same architecture are trained to monitor the IndPenSim
case study with two different loss functions. Based on the validation procedure explained
above, the models’ hyper-parameters were as follows: layer unit numbers of 25, 16, 8, 8,
16, 25, learning rate of 0.01, and time horizon window of 4. The two models are used to
calculate the FDR accuracy for the 6 faults that were considered. Then, the two LSTM-
AE models are compared to the most efficient AE model presented in our previous paper
and to a linear dynamic principal component analysis (DPCA) in Table 4.2. Based on
the elbow method [Joshi and Nalwade, 2013], 20 principal components are selected for the
DPCA model. It should be noticed that the AE model in our previous study was static,
i.e. it only operated on data at a current time point and not along a time horizon as done
in the current work. As shown in Table 4.2 there was a significant improvement in FDR
for the test data set for all nonlinear AE models in comparison to linear DPCA models.
Both LSTM-AE models outperform the MPLS-AE model which has been trained with the

78



Table 4.2: Comparison of FDR% (training/validation/test) in different models.
No. Model type Loss function FDR%
1 DPCA Classical loss function, Eq. 4.6 96.98/ 97.63/ 83.89
2 MPLS-AE*  Novel loss function, Eq. 4.7  98.37/ 98.84/ 88.64
3  LSTM-AE Classical loss function, Eq. 4.6 98.45/ 98.77/ 91.08
4  LSTM-AE  Novel loss function, Eq. 4.7  98.87/ 98.89/ 93.86

*Best developed model in [Agarwal et al., 2022].

novel loss function in our previous work, as shown in Table 4.2. This comparison indicates
that by capturing the dynamics of the process the LSTM-AE models result in a significant
improvement on the performance of monitoring models as compared to models that do
not capture dynamic behaviour. Furthermore, the model trained to maximize the fault
detection rate resulted in significant improvement in testing as compared to the model

trained to minimize the reconstruction error.

Subsequently, based on the best LSTM-AE model, i.e. the model based on a novel loss
function, contributions plots were generated with the Algorithms 1 and 2 based on the
process monitoring metrics H? and SPE. Since this case study is based on a simulator
and thus the occurrences of the faults are known, the contribution plots can be interpreted
separately. Our goal was to verify whether the contribution plots are informative about
the variables that are most correlated to each particular fault. Figure 4.6A illustrates
the contributions of five most relevant variables obtained for batches with fault no. 1,
which is a disturbance in the aeration flow rate. Since the IndPenSim simulator state-
space model is available we could actually identify which variables are most affected by
disturbances in aeration rate and verify whether the contributions show the importance
of these variables. According to Eq. 4.11, following disturbances in aeration flow rates,
significant contributions in off-gas COs (O2,u) and dissolved CO4 (COz4) are expected.
Furthermore, the effect of changes in aeration rates on dissolved oxygen and off-gas mounts
can also be readily predicted from physical understanding of the process. If the simulator

would not be available, significant contributions for dissolved oxygen and off-gas flow rate
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Figure 4.6: Contributions of variables in different faulty batches in IndPenSim case study.

would be still indicative of aeration rates changes a a possible source of this fault.

;
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Based on the contribution plots for fault 2 shown in Figure 4.6B, significant changes in
the water flow rate (F,) appear as the most important contribution related to this fault.
The back pressure in the simulator is given by Eq. 4.12 indicating that the fermenter
pressure is a function of volume which is a function of process input flow rates. Since all
other input variables are controlled in closed loop, the input flow rate [, is the only input

variable that can be varied to maintain the pressure at its set-point thus explaining the
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significance of its contribution.

;
_ Pbottom_Ptop
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Fault 3 corresponds to changes in substrate feed rate. According to the contribution plots
for fault 3 shown in Figure 4.6C, significant changes have also been observed in the water
flow rate (F,). These changes can be explained by Eq. 4.13. The F, stream can be
varied in order to maintain the substrate concentration at its set-point in response to a

disturbance in the substrate feed rate.

dsS _ Fscs Foi Coi anS
G = Ysxre = Ysyxro —mgrym — Ygyprp + 57+ 2P — 52

(4.13)
Fi :F3+Fb+Fa+Fw_Fevp+Fpaa

A significant change in pH and the base flow rate (F}) has also been detected following
the disturbance in the base flow rate (fault 4) as seen in the contribution plots for fault 4,
Figure 4.6D. Base flow rate is responsible for maintaining pH at its set point, so a large

change in pH is logically expected.

Basic : ds—f = —Y1(rv0 +7e1 +7a1 + 7as — 1p + mpuX) — vopHyis — B — pH
Acidic : % = Y100 + Ter + Ta1 + Tas + 1 + M X) + YopHais — pH (4.14)

pHdis:F5+Foil+Fb+Fa+Fdischarge+Fw

Additionally, as shown in Figure 4.6E for fault 5 that corresponds to disturbances in coolant

flow rate, considerable changes have been observed in variables T, () and F,, which are
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the temperature, heat exchanged and coolant flow rate respectively. Equations 4.15in the
simulator model also support the significance of these contributions for fault 5:

(4ar _ 1000 dQ

dt — ChuwppV dt

d 1 1

d—? = 1555 LFsPreedCps(Ty — T) + 1555 FwPwCpuw(Tw — T)

_TIOOFeUpprpw - ﬁFevpprHevp + Qewn + Ws - Qcon (415)
o FTTNT-T, ) o Fy T (r-1,)

1000 165 +0.501 (1565) "7 ppCps 1000 Lh 10,5011 (105) 7 py.Cs

1000
\ Qcon = UjacketAc(T - Tair)

As expected, fault 6 that consists of the combination of all previous faults as shown in
Figure 4.6F, results in contributions from most of the process variables. In summary,
we have shown that the contributions plots correctly identify the variables that are most
contributing to each particular fault. Since a detailed dynamic simulator was available,
which will not be the case in most industrial applications, we were able to verify our
contributions by relating them to the model equations. This example also illustrated that
even when a detailed model is not available, basic physical understanding of the process

can be used to refer the variables’ contributions back to the actual sources of the faults.

4.4.2 Results in Sanofi case study

The main challenges in this case study in contrast with the previous case study are: i-
a simulator model is not available and thus the sources and occurrences of faults are not
known and ii- the region of normal operation is not defined a priori and iii- the mean
values of the measured variables cannot be used to define a nominal normal operating con-
dition since the process is the process is not considered to be in control. In other words,
because the process is still exhibiting large variability and it has not been optimized in
terms of productivity, there are many batches that exhibit low productivity which cannot

be considered as normal operation. Since the productivity is the priority for this process,
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the LSTM-AE models has been trained in this case study using batches that have high
productivity. The goal is then to identify the abnormal batches will correspond to low
productivity. As illustrated in Figure 4.5, batches with normalized Kjeldahl values ap-
proximately greater than 0.73 are considered to be high productivity batches. This limit
was defined based on what is considered as a minimal acceptable productivity for this
process. A total of 22 high productivity batches were available based on this limit. Then,
following a seven-fold cross-validation procedure, the high productivity batches that re-
sulted in minimal reconstruction error or maximal fault detection rate for the validation
data set with the LSTM-AE model were used for model validation. Since this procedure
for selecting the normal batches relies on labelled data, i.e. final batch productivity, the
approach for this case study should be referred as semi-supervised. The total number of
normal batches selected based on this validation procedure was 18 and the corresponding
batches are indicated by blue dots in Figure 4.7. The hyper-parameters of the models
used in the validation procedure were as follows: layer unit numbers of 40, 16, 4, 4, 16,
40, learning rate of 0.01 and time horizon window of 4 samples (8 minutes). It should
be emphasized that while labelled data was used for selecting normal batches no labelled
data was used for abnormal batches that correspond to low productivity, i.e. normalized
Kjeldahl values less than 0.73. Those abnormal batches are expected to be detected by the

algorithm on the testing set.

Since the occurrence of the faults is not known for this process, to both monitor the
process and to quantify the performance of the monitoring scheme we use the concept of
average detection rate over the batch based on the distance D, as described in Section
4.3.3. In this case, while we can detect faults at each time interval based on violations of
the upper control limits, we cannot evaluate how accurate is the detection accuracy based

on FDR since the occurrence of the fault is not known.

A summary of the results of average fault detection rate F'D R and the average violations

of process monitoring metrics (D) is provided in Table 4.3 and shown in Figure 4.7. The
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results indicate that the LSTM-AE model based on the average fault detection rate is
superior to the LSTM-AE trained with the reconstruction error. The LSTM-AE model, as
a nonlinear model, is as expected significantly superior to the linear DPCA model. Table
4.3 indicates that there is a significant correlation between Kjeldahl’s final productivity
and the average violation of process monitoring metrics (Dp). As shown in Figure 4.7, the
values of Dy in training and validation data sets (high-productivity batches) are slightly
above 1.0 which means that in these batches process monitoring metrics do not violate their
upper control limits significantly. Therefore, for evaluation of the method on the testing
data set, the upper limit of D, was considered and hyper-parameter that was chosen as
the maximum D, in the validation data set. Using this limit, 86.05% of low-productive
batches are correctly identified as abnormal batches. Moreover, it should be emphasized
that the average Dy, i.e. the average of values of the metric D, over different time intervals
along the batch, may violate the upper limit D!""¢s?/d much before the end of the batch.
Thus, as shown in Figure 4.10, the proposed method provides an opportunity to detect
a low productivity batch before its completion and thus it opens future opportunities
to implement earlier corrective measures. The fact that the LSTM-AE model based on
the average detection rate results in large detection accuracy, i.e. 86.05% of abnormal
batches are correctly detected, it confirms the impact of the fermentation step on the
overall productivity of the process as compared to the influence of the downstream steps.
It should be noticed that the Kjeldahl test is performed after the fermentation broth is
purified though 16 purification steps. While the variability in Kjeldahl values was expected
to be correlated to both the fermentation (upstream) and the purification (downstream)
phases of the manufacturing process, the result presented here reveals that the fermentation
phase has the most impact on final productivity. This result is very important since it
indicates which part of the process is exposed to the most significant disturbances/faults

and where the efforts should be focused for overall process improvement.

Contribution plots were subsequently generated for the LSTM-AE model that was

trained based on the maximization of average fault detection rate. The variables that
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Table 4.3: Results of the Sanofi case study.
No. Model type Loss function FDR% Dy, accuracy
1 DPCA Eq. 4.6 73.88/ 75.06/ None 88.89/ 100.0/ 81.39
2 LSTM-AE Eq. 4.6 90.01/ 98.89/ None 94.44/ 100.0/ 83.72
3 LSTM-AE Eq. 4.7 91.12/ 99.11/ None 94.44/ 100.0/ 86.05

contributes the most to the detection metrics, shown in Figure 4.8, were investigated to
identify possible source of faults that result in low-productivity batches. Consistent with
a previous study conducted with supervised learning on data collected at a different time
period [Agarwal, 2022], airflow, temperature (T), seal temperature (SealT) and pH (before
the acid control kicks in) were found significant with respect to the detection metrics
that were based on the final productivity of the process. Airflow changes between low
productivity (abnormal) batches as compared to high productivity (normal) batches is
important after 20 hours of operation. Since airflow is a manipulated variable to control
the dissolved oxygen, changes in airflow imply that the low productivity batches require
different aeration at a later time period than the high productivity ones. For instance,
if the low productivity batches have a longer lag phase of growth, they will require less
aeration at the beginning and more aeration later when growth is significant. A longer lag
phase is perfectly consistent with a lower productivity batch since the cells do not secret
during this phase. Slower growth has been identified as a cause of low productivity in
bench scale bioreactor experiments conducted for this process [Zavatti, 2014]. Since the
cells continuously secrete product (antigen) during the batch, a slower growth will result in
a smaller amount of product being accumulated in the fermentation supernatant. A slower
growth may also explain the initial changes in pH which show a significant contribution
during the first period of the process. Slower growth will result in a smaller production of
CO2 for the low productivity batches which result in lower levels of dissolved carbonic acid
(pH=4.1), i.e. higher pH in low productivity batches. Other influential variable is the seal
temperature (sealT), which has also been observed in previous research. Two temperatures

are measured, one at the wall of the vessel and another (sealT) close to the impeller shaft.
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While the temperature in the vessel is controlled in closed loop, the seal temperature is
not controlled. Thus, in cases of temperature probe calibration problems, these will not be
reflected in the vessel temperature since it is maintained at a constant set point by closed
loop control. On the other hand, since the sealT is not controlled in closed loop it can
serve as an efficient indicator of changes in the vessel temperature. The seal temperature
is expected to be between the temperature inside of the bioreactor and the surrounding
temperature, since the seal temperature is not controlled in closed loop, the variation in
the seal temperature is informative about the fermentation. Productivity has been found
by Sanofi in lab scale studies to be very sensitive to small changes in temperature of less

that 1 degree C.

This study also identified two new important variables that were not identified in pre-
vious studies by Sanofi: pressure (P) and tank weight (Wt). Pressure is correlated with
airflow, and thus changes in airflow, which is also found to deviate significantly for ab-
normal batches, result in corresponding changes in pressure. In addition, we found that
the initial tank weight varied by almost 10% as compared to high productivity (normal)
batches, which led us to identify tank weights as major contributors to final productivity.
Further inspection of the process operational procedure reveals that at the beginning of the
process and before inoculation the vessel is filled with growth media and the vessel is steril-
ized in situ with steam. It was also found that the sterilization times were variable which is
expected to result in different evaporation rates thus explaining different tank volumes as
shown by the contribution plots. Changes in liquid (water) volume are expected to result
in changes in concentrations of main aminoacids and main media components. In a recent
small bioreactor experiment for this process it was shown that higher concentrations of
glutamate [Wellen and Thompson, 2010, Wang and Levin, 2009] that will occur for smaller

liquid volumes resulted in longer lag phase due to glutamate induced inhibition.

It is also imperative to note that all other variables are also relevant in some degree

to final productivity, although their contributions are not as significant as those shown in
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Figure 4.7: The illustration of D, versus Batch IDs using the LSTM-AE model trained by
maximizing the fault detection rate for one of the folds of the validation data set.

Figure 4.8. The average of variable contributions over the entire process time is shown in
Figure 4.9. Based on the contributions plots obtained for Sanofi case study, all significant

variables are identified with the SPFE metric except for the seal temperatures.

4.5 Conclusion

This study proposes LSTM-AE models for monitoring the IndPenSim process and the
Sanofi whooping cough vaccine manufacturing process. Two different loss functions are
proposed for training: i- minimizing MSE and, ii- maximizing the average fault detection
rate FDR. Online monitoring of the process is accomplished by comparing the H? and
S PFE statistics of the current sample with the corresponding control limits. It is shown that
the use of a loss function that is directly related to the fault detection rate provides signif-
icant improvement over the reconstruction error based loss function that was traditionally
used to train auto-encoder models. Furthermore, it is demonstrated in the case studies
that the use of LSTM based models provide significant improvements in detection accuracy
as compared to both linear dynamic models (DPCA) and static autoencoders which do not
account for dynamics. Two algorithms were developed to obtain contribution plots for the
process monitoring metrics H? and SPE that can be used for diagnosing faults unsuper-
vised. For the penicillin study since the mathematical model was available, it was possible

to verify the ability of the contribution plots to identify the variables that are most corre-
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Figure 4.10: The time required to detect low productivity batches in the testing data set.
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lated to each one of the faults. For the industrial case study where knowledge about the
faults is not available, the contribution plots provided information about possible sources
of faults and these findings were found to be in agreement with previous experimental
observations. For the industrial case study, two main challenges for the application of an
unsupervised learning approach were finding a region of normal operation and testing the
fault detection accuracy when the occurrences and sources of faults is not known a-priori.
The choice of the region of normal operation required a semi-supervised approach that
used final productivity measurements of high productivity batches. For testing the detec-
tion accuracy, an average of the distances between the monitoring metrics and the upper
control limits over time was used. An additional benefit of monitoring detection based on
productivity was identifying the fermentation step of the manufacturing process as the one

that impacts the most the final productivity as compared to other manufacturing steps.

4.6 Testing the Proposed Methodology on Sanofi’s
Lab-Scale Diphtheria Process

The proposed methodology has also been tested on Sanofi’s lab-scale diphtheria process.
However, since this section is not included in the published paper it is added as an Appendix

[Aghaee et al., 2023].

The production of the diphtheria vaccine involves a meticulously controlled batch fer-
mentation process. This begins with the cultivation of Corynebacterium diphtheriae in a
bioreactor containing a precisely formulated nutrient medium. The bacteria are grown un-
der tightly regulated conditions of temperature, pH, and oxygenation. During this process,
the bacteria produce diphtheria toxin, which is the crucial antigen for the vaccine. After a
pre-defined incubation period, the bacterial culture is harvested, and the toxin is extracted.
The toxin is subsequently detoxified using formaldehyde, converting it into a non-toxic yet

immunogenic form known as a toxoid. The toxoid undergoes further purification and is
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Figure 4.11: Diphtheria process variables at Sanofi, Toronto.

then combined with adjuvants and preservatives to enhance its stability and immunogenic
efficacy. This results in the final vaccine preparation, which is subjected to rigorous quality

control testing before being approved for distribution.

At Sanofi’s laboratory, 11 process variables, including dissolved oxygen, solubility, tem-
perature, agitation, and airflow, are recorded every minute. These variables are essential
for maintaining optimal conditions during the fermentation process. The process profiles

from a single batch, are illustrated in Figure 4.11.

Similar to the Sanofi’s whooping cough vaccine manufacturing process described in ear-
lier sections of this chapter, the process exhibits significant variability in final productivity,
which has been measured by LF (Lateral Flow) antigen measurement. Figure 4.12 shows
the wide range of final productivity for 24 batches, based on data provided by Sanofi. In
consultation with expert Sanofi staff, batches with LF productivity above 190 are con-
sidered normal (golden) batches, while those with lower LF productivity are classified as

low productivity (faulty) batches. Among the 11 normal batches, 9 are randomly selected
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Figure 4.12: Final productivity of Diphtheria process at Sanofi, Toronto.

to form the training dataset, while the remaining 2 batches are used as the validation
dataset for hyperparameter tuning. In this case study, due to the limited amount of data,
a simple multi-layer autoencoder has been trained to monitor the process instead of using
LSTM-AE models, which have significantly more parameters to tune. After tuning the
hyperparameters, the architecture of the Autoencoder (AE) was set with layers comprising
12, 6, and 12 units, respectively. The primary hyperparameter considered in this study
was the number of hidden units, with options set at 2, 4, 6, or 8 units for the hidden layer.
This selection was crucial for determining the model’s capacity to effectively encode and
reconstruct the input data while avoiding significant over-fitting. Python’s Keras-tuner is

used to implement the hyperparameter search.

The classical loss function, as shown in equation 4.6, is used to train the AE model.

Following this, equation 4.8 is employed to obtain process monitoring metrics, namely
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Table 4.4: Results of monitoring the Diphtheria batch process at Sanofi, Toronto.
Dataset ~ LF Faulty samples (%) Dy, accuracy

Training 236 15.84 0.255
Validation 230 18.04 0.301
Testing 135 60.355 1.844

H? and SPE. Due to the unavailability of detailed fault information in this case study,
the cumulative metric, D, also used for the Pertussis process, is utilized to assess the
effectiveness of the methodology. Also, the percentage of faulty samples across different

datasets is presented in Table 4.4, along with the corresponding D, accuracy.

As shown in Table 4.4, the D, accuracy of the training and validation datasets are of the
same magnitude, as both consist solely of high productivity or normal batches. However,
since the testing dataset includes only low productivity or faulty batches, the D, accuracy
and the percentage of detected faulty samples in the testing dataset are relatively higher
than the D, values for training and validation. These differences demonstrate the model’s
heightened sensitivity in identifying faults. The process monitoring metrics, H? and SPE,
along with their corresponding upper control limits (UCL), are illustrated for all batches
across different datasets in Figure 4.13. By comparing the metrics against their UCLs, it
is possible to identify deviations and potential faults, thereby ensuring that the production
process remains within acceptable operational conditions and maintaining the high quality

of the diphtheria vaccine batches.

As shown in Figure 4.14, using the proposed D, metric and setting its threshold,
Dihreshold " ag the maximum of Dy, values in both the training and validation datasets results
in correctly detecting all the low productivity batches, except for one batch. Furthermore,
Figure 4.15 demonstrates the capability of the methodology to determine the required time
for detecting low productivity batches. This detection time is defined as the point at which
the cumulative metric of Dy, exceeds its threshold, Dir¢shold  This metric provides an in-

dication of process deviations which could be used in the future for inferring the source of
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Figure 4.13: Process monitoring profiles for training, validation and testing datasets of
Diphtheria process.

faults or for implementing potential corrective actions.

The results of this study illustrate the effectiveness of a multi-layer AE model in mon-
itoring and maintaining the quality of the diphtheria batch process at Sanofi’s Toronto
facility. By leveraging 11 critical process variables, the AE model successfully differenti-
ates between high productivity (normal) and low productivity (faulty) batches. The novel
metric Dy, combined with classical process monitoring metrics H? and SPE, demonstrated

a high sensitivity for identifying faults.
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Chapter 5

Unsupervised Hybrid Models
Integrating Deep Autoencoders and
Process Controllers’ Models for

Enhanced Process Monitoring and

Fault Detection

Overview!

This chapter introduces a novel hybrid process monitoring model that integrates long short-

term memory autoencoders with process controllers’ models. The parameters of the hybrid

!Adapted from Aghaee, Mohammad, et al. “Unsupervised Hybrid Models Integrating Deep Au-
toencoders and Process Controllers’ Models for Enhanced Process Monitoring and Fault Detection.”
doi.org/10.1021 /acs.iecr.4c01980
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model are optimized by minimizing a novel loss function, which combines the mean square
error (MSE) between controlled variables and their reconstructions from the LSTM-AE
model, along with the MSE of manipulated variables and their reconstructions obtained
with the numerically implemented and exactly a priori known controller equations. The
effectiveness of the proposed method is evaluated on the benchmark of an industrial-scale
penicillin process as a batch case study and the Tennessee Eastman plant process under
a decentralized control strategy as a continuous case study. A comparative analysis of
the proposed hybrid model with an equivalent non-hybrid LSTM-AE model, which does
not utilize process controllers’ equations, highlights the superiority of the proposed hybrid
monitoring model in fault detection. These improvements result from the use of an LSTM-

AE network with fewer parameters thus making it less susceptible to overfitting.

5.1 Introduction

Effective online process monitoring is crucial for ensuring the safe and efficient operation of
chemical processes, as it guarantees that process variables remain within optimal ranges.
On the other hand, variability in raw materials and operational disturbances can lead
to deviations from these optimal conditions, ultimately causing diminished process per-
formance. The deployment of intelligent fault detection techniques represents a strategic
approach to real-time process monitoring, aimed at maintaining process optimality. Fault
detection methods can be classified into two primary categories based on the utilized model:
i. mechanistic models, and ii. empirical models. While mechanistic model-based methods
are based on models derived from first principles, empirical model-based approaches are
generally preferred due to the challenges in obtaining mechanistic models. For instance,
modeling of pharmaceutical processes by first-principles equations is challenging owing to
an incomplete understanding of the metabolic behavior of microorganisms and the inherent
nonlinear behaviour especially in batch or fed-batch operations. Empirical model-based

fault detection algorithms can be further divided into supervised and unsupervised meth-
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ods. In supervised learning, a model is trained using labeled samples of normal or faulty
operation provided that knowledge about the occurring fault is available during model
training. On the other hand, in the absence of such knowledge, unsupervised learning

methods derive patterns directly from unlabeled data.

Artificial intelligence, with its ability to autonomously extract hierarchical representa-
tions from data, has significantly revolutionized fault detection and diagnosis across various
industrial domains. Deep learning models, known for their effectiveness in extracting non-
linear features, have been extensively investigated for the development of diverse fault de-
tection methodologies [Aghace et al., 2024a]. Particularly in scenarios where conventional
nonlinear mechanistic models are lacking, machine learning and deep learning techniques
have served to develop empirical model-based methods for monitoring nonlinear systems.
Autoencoders (AEs) have been widely employed in process monitoring, characterized by
an equal number of units in their input and output layers, typically incorporating one or
more low-dimensional hidden layers [Zhang and Qiu, 2022, Agarwal et al., 2022, Essien
and Giannetti, 2020]. They may be operated in an unsupervised manner, solely relying
on input data for calibration. Consisting of an encoder and a decoder, AEs sequentially
compress the input space into a lower-dimensional latent variable space and then recon-
struct the input space from these latent variables. Consequently, AEs can be conceptually
likened to nonlinear principal component analysis (PCA) due to their ability to compress

the larger input space into a smaller latent variable space.

The ability of recurrent neural networks (RNNs) to effectively model the nonlinear
dynamics inherent in high-dimensional process data has facilitated the development of em-
pirical model-based fault detection algorithms based on RNN-based models [Amini and
Zhu, 2022, Liu et al., 2023b, Qi et al., 2023]. Various variational autoencoder (VAE) mod-
els have been extensively evaluated for monitoring industrial processes, particularly on the
Tennessee Eastman process benchmark [Zhu et al., 2021]. The results from these studies
demonstrate that recurrent VAE models, including LSTM-VAE and GRU-VAE, are well-
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suited for industrial process monitoring tasks and are thus recommended for such appli-
cations. In a recent study, unsupervised multi-layer long short-term memory autoencoder
(LSTM-AE) models designed for monitoring nonlinear batch processes were introduced
[Aghaee et al., 2023]. These models were evaluated using both a penicillin simulator case
study and real-world data from B. pertussis vaccine manufacturing at Sanofi. The findings
indicate that the proposed LSTM-AE models offer significant improvements in accuracy
compared to both linear and nonlinear approaches that do not explicitly address dynamic

behavior.

One significant challenge in fault detection model development is over-fitting due to the
limited availability of sufficient data for training large-scale models capable of accurately
replicating the nonlinear dynamic behavior inherent in industrial processes. Over-fitting
will result in inaccurate prediction for input data that was not used during training thus
impacting fault detection accuracy. Conventional methods to mitigate over-fitting include
reducing model size by decreasing the number of parameters or augmenting the dataset.
However, smaller models may struggle to adequately capture process intricacies, while

gathering more data could be impractical due to cost constraints [Yu and Zhang, 2023].

While deep learning neural networks demonstrate high interpolating capabilities, they
often struggle with accurately generalizing behavior, particularly when predicting outputs
for input values significantly different from those used during training. Gray-box or hybrid
models combine mechanistic and empirical model-based techniques to enhance predictive
capabilities and reduce reliance on training data [Pistikopoulos et al., 2021]. These hybrid
models integrate mechanistic and empirical-based components either serially or in parallel
architectures [Fontes and Budman, 2017]. Mechanistic models encapsulate the fundamental
conservation laws governing the process. By leveraging these fundamental laws partially,
hybrid models facilitate the estimation of unmeasured process states and augment datasets,
thus improving the performance of process monitoring models [Cabaneros Lopez et al.,

2021]. For example, Narayanan et al. [Narayanan et al., 2020] introduce a serial hybrid
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model that combines partial least squares (PLS) with an extended mechanistic model-
based Kalman filter to enhance the monitoring of a mammalian cell culture process. This
model improves monitoring by utilizing an augmented dataset to train the PLS model,

integrating both estimated and measured process variables.

The present work is inspired by existing serial grey box models, which combine partial
knowledge of the process with empirical models to enhance process monitoring. However,
the mechanistic component of the proposed hybrid model are the controllers’ equations
that are exactly known a priori in contrast to mechanistic models traditionally employed

in hybrid approaches that may have error.

However, two key challenges are identified for fault detection studies that used hybrid

models:

i- most of the hybrid process monitoring models utilize linear machine learning models
such as PCA or PLS as the empirical model-based component of the hybrid model [Destro
et al., 2020, Narayanan et al., 2020, Fontes and Budman, 2017, Li et al., 2023b, Hassanpour
et al., 2024].

ii- the ability of a hybrid model-based approach to improve performance in compar-
ison with a purely empirical- approach largely depends on the accuracy of the available

mechanistic model.

To address these identified limitations in prior research, this study introduces a novel
serial hybrid process monitoring model. This hybrid model integrates unsupervised deep
LSTM-AE models, proficient in capturing process nonlinearity, with the process controllers’
exact models to enhance fault detection. The key innovation lies in integrating into the
hybrid model a mechanistic part, i.e. controllers’ equations, that is exact because the
process controllers are perfectly known a priori. The use of the controllers’ equations
results in a significant reduction in the number of deep learning parameters while avoiding
the introduction of model error that would result if other mechanistic equations were used.

Furthermore, the use of a numerical implementation of the controller equations allows
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for the consideration of any type of controller such as PID with anti-windup, constrained
MPC and nonlinear controllers. The distinction between our previous work [Aghaee et al.,
2023] and the current study is that the hybrid approach proposed here, in contrast with
our earlier study, does not use the manipulated variables in the autoencoder. Instead,
the manipulated variables are reconstructed from the controlled variables reconstructed in
the autoencoder with the exact controllers’ equations thus reducing the autoencoder size
and the risk of overfitting. The proposed fault detection framework comprises two main
components: i- training the LSTM-AE model under normal operating conditions, utilizing
a loss function that minimizes the (weighted) mean square error (MSE) between input and
reconstructed samples, along with the MSE in predicting control actions, ii- Establishing
statistical upper control limits for fault detection by employing Gaussian kernel density

estimation at each time-step.

The effectiveness of the proposed methodology in fault detection is then evaluated on
two case studies: the industrial-scale penicillin fermentation simulator benchmark (IndPen-
Sim) [Goldrick et al., 2015, 2019], and the Tennessee Eastman (TE) process benchmark
under a decentralized control strategy [Ricker, 1996, Andersen et al., 2022]. In both case
studies, fault information, including type, magnitude, and time range, has not been uti-
lized during model development to illustrate the effectiveness of the proposed unsupervised

learning-based approach.

The chapter is structured as follows: Section 5.2 presents the mathematical background
of process monitoring with deep LSTM-AE and hybrid models and a concise overview of
process monitoring metrics employed to assess model effectiveness. Section 5.3 introduces
the novel hybrid modeling approach for monitoring that combines perfect process con-
trollers’ exact equations and the LSTM-AE model. The effectiveness of the proposed
methodology on both case studies is presented in Section 5.4, followed by conclusions in

Section 5.5.
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5.2 Preliminaries

5.2.1 Long short-term memory autoencoders (LSTM-AE)

5.2.2 Long short-term memory autoencoders (LSTM-AE)

An Autoencoder (AE) consists of two serially connected neural networks: an encoder and
a decoder. Trained in an unsupervised manner, an AE can extract patterns from data and
compress them into a smaller dimensional latent variable space. Within the encoder, the
input sample data z;, € R’ is compressed onto a reduced latent space, h € R, while the
decoder reconstructs the inputs, &, € R’, using the outputs of the hidden layer. Here, j
denotes the number of variables, and [ denotes the number of hidden units in the deepest
layer of the AE. Traditional autoencoders have shown promise by efficiently learning non-

dynamic data, but their applicability to dynamically correlated data has been limited.

LSTM-AEs represent a specialized class of AEs specifically tailored for reconstructing
nonlinear dynamically correlated data. Unlike conventional AEs that rely on simple neural
network units, LSTM-AEs use long short-term memory (LSTM) units, which are capable
of modeling temporal dependencies inherent in dynamic data. As illustrated in Figure 5.1,
an LSTM unit comprises three crucial gates: the input gate (i;), the forget gate (f;), and
the output gate (0;), each tasked with regulating the flow of particular information within
the network. These gates govern the acceptance and retention of relevant information
from the current input (), the previous hidden state (h;—1), and the current cell state
(ct—1). Specifically, the input gate (i;) determines the extent to which new data should
be incorporated, the forget gate (f;) decides which past data to discard, and the output
gate (o;) controls the distribution of data towards subsequent layers. Mathematically,

the LSTM unit’s dynamics are governed by a set of equations, where each component is
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Figure 5.1: Schematic of LSTM cell architecture.

updated iteratively over time according to the following expressions:
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(5.1)

Here, h; and ¢; represent the hidden state and cell state at time step ¢, respectively, 4,

f: and o; denote the input, forget, and output gates, respectively, while g; stands for the cell

gate. The sigmoid function (o) serves as the activation function and the Hadamard product

(®) denotes element-wise multiplication. These equations explain the intricate dynamics

that can be captured by LSTM-AEs, enabling them to effectively model and reconstruct

complex nonlinear dynamic data patterns. Additional information about LSTM units can

be found in the original reference papers [Hochreiter and Schmidhuber, 1997].
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5.2.3 Hybrid models

The proliferation of data in industrial settings has made empirical model-based approaches
increasingly appealing for process monitoring. Conversely, first principles models, also
known as mechanistic models, capture process variable interactions based on physical prin-
ciples such as mass, energy, and momentum balances. Hybrid models provide a trade-off
of both first principles and empirical-based methodologies, leveraging the strengths of each
approach [Psichogios and Ungar, 1992]. Empirical models are known to have good inter-
polation properties within the region of data used for model calibration but are poor at
generalizing behaviour beyond the region of data used for training. Thus, the combination
of empirical models with mechanistic models is expected to improve the generalization
properties. Also, the hybrid model will generally have significantly fewer parameters as
compared to the purely empirical model since the mechanistic part of the model is expected
to provide a more compact description of the correlations among variables as compared to
a neural network of similar accuracy. For instance, a single neural network model needs
many units with tanh, relu or other basic activation functions to be able to construct some
relatively simple nonlinear correlations between the process states, e.g. Monod equation,
or even linear ones, e.g. many sigmoid units are required to reconstruct a linear function.
The use of a smaller number of parameters results in diminished overfitting decreased
sensitivity to data noise, and enhanced generalization [Mavrovouniotis and Chang, 1992].
However, the success of a hybrid model-based fault detection strategy will largely depend
on the accuracy of the available mechanistic equations. If the mechanistic model error is

very high, its use may degrade the performance of the hybrid model.

5.2.4 Process monitoring metrics

Sensitivity, specificity, and balanced accuracy serve as metrics for evaluating the effec-

tiveness of process monitoring models when fault information is available. Sensitivity, also
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referred to as the true positive rate, measures the model’s ability to accurately detect faulty
samples. Conversely, specificity, or the true negative rate, indicates the model’s capability

to correctly identify normal samples. These metrics are defined as follows:

( A cpe
Balanced accuracy = Senszthty;Speczfzczty

Sensitivity = % [HE, > HE ) or [SPEyy, > SPE} ] (5.2)

neg B
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Here, n,, and n, represent the number of normal and abnormal samples within a single
batch or continuous run. B denotes the total number of batches or continuous runs.
Similar to linear models such as PCA and PLS, which utilize Hotelling’s T2 and @Q-statistics
for monitoring [MacGregor et al., 1994], AE-based models employ equivalent statistical
metrics, H? and SPE, for monitoring purposes. These statistical metrics can be calculated

as follows:

R (hdeepest . hmean)2

H’ib = Z k’b’d}ivarianc]zydh (53&)
dp=1 k.dp
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Here, hiePest; b d;, represents the di" element of the hidden variables in the deepest
layer of the encoder part of the AE model at time k of the b dataset. Tpp,; and Ty
denote the j** process variable of the input sample and its corresponding reconstructed
variable, respectively, for the b dataset. The upper control limits, represented by H?j
for H? and SPE},, for SPE}, are established at a significance level of « for each sampling
time through kernel density estimation (KDE) [Parzen, 1962b], as the input data may

not follow a Gaussian distribution, as described in Equation 5.4. Here, F'(M}) represents
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the probability density function, G(x;; o) is the Gaussian kernel, and b,, is the bandwidth

parameter determined through the Silverman algorithm [Silverman, 2018].

F(M) =30, G(Mk*Mf);M e (H?,SPE)}

bw
G(zi;0) x exp( — ;Z:;) (5.4)
My,
1 -a= fmir]?(Mk,train) F(Mk) de

A sample is correctly detected as corresponding to normal operation if both its cor-
responding H ,ib and SPE}; values fall below their respective upper control limits. Con-
versely, if a sample corresponds to normal operation but either or both of its H ,f’b and
SPE}; values exceed their limits, the sample will be erroneously classified as abnormal.
On the other hand, abnormal samples are correctly identified as such if either H}, or
SPE}y, or both, exceed their control limits. Conversely, abnormal samples will be mis-

classified as normal if neither H ,fvb nor SPE} surpass their respective upper control limits.

5.3 Proposed Methodology

5.3.1 Proposed hybrid model: integration of LSTM-AE with

process controllers’ exact models

In this section, we introduce a novel hybrid process monitoring model that combines the
deep LSTM-AE model with process controllers’” models. Additionally, we outline the pro-
cedure used for evaluating the proposed methodology. The proposed methodology exploits
the exact correlations between manipulated and controlled variables enforced by the pro-
cess controllers. This will be shown to enhance the effectiveness of process monitoring
models while resulting in a smaller AE neural network model, which is less prone to over-

fitting. Typically, all measured variables including manipulated and controlled variables
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are directly fed into AE models. Then, the AE is trained to minimize the MSE between
input and reconstructed variables as outlined in Figure 5.2A. In contrast, for the novel
hybrid model proposed in this study, only the open-loop variables and controlled variables
are directly fed into the AE model, while the closed-loop manipulated variables are re-
constructed using the controller equations based on the reconstructed controlled variables.
In other words, the manipulated variables are eliminated from the input and output layer
of the LSTM-AE model as shown in Figure 5.2 resulting in a smaller model in terms of
the number of parameters needed to reconstruct the inputs to the LSTM-AE. To pre-
serve the information contained in the manipulated variables for process monitoring, the
loss function of the LSTM-AE model incorporates the MSE between these variables and
their reconstructions obtained through the controllers’ equations in addition to the MSE
of LSTM-AE variables. It should be emphasized that both the controllers’ structures,
e.g. PID, model predictive control (MPC), ratio, etc., and the controller tuning param-
eters are always available a priori to the process engineer. The motivation for using the
exact controllers’ equations in combination with a LSTM-AE is that reconstructing the
linear or nonlinear dynamic relations between manipulated and controlled variables by the

LSTM-AE alone may require larger network interconnections.

In the proposed hybrid model, autoencoders are integrated with process controllers by
incorporating the process controller equations into the loss function of the autoencoder.
This raises the question of how TensorFlow, which relies on automatic differentiation, han-
dles the differentiation of the process controller equations, especially when using a custom
loss function. In TensorFlow, “custom loss” functions are defined by explicitly specifying
how the loss is computed using the model outputs. TensorFlow then uses automatic dif-
ferentiation (back-propagation) to calculate the gradients of the loss with respect to the
model weights. For this to work, the operations within the custom loss function, including
the process controller equations, must be differentiable. Most commonly used controllers,
such as PI and PID controllers without saturation, are based on continuous mathemat-

ical models that are differentiable. As a result, their inclusion in the loss function does

106



not introduce non-differentiable components, allowing TensorFlow to compute the neces-
sary gradients by autograd operation. However, in cases where the controller equations
involve non-differentiable elements, smoothing techniques or differentiable approximations

are employed by default to calculate gradients.

A comparison between the architectures of the proposed hybrid AE model and tradi-
tional AE models is depicted in Figure 5.2. The proposed loss function combines the MSE
between controlled variables and their reconstructions from the LSTM-AE model, along
with the MSE of manipulated variables and their reconstructions obtained through the

controllers’ equations, as given by the following equations:

m p n

Jo=Y"[ufh = a9+ Y [y g+ Y [ 9t (5.50)
Jj=1 r=1 r=1
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Here, m, n, and p represent the numbers of open-loop input variables, i.e. all inputs
other than manipulated variables used in closed-loop, controlled variables, and open-loop
input variables reconstructed by the decoder, respectively. Examples of input variables
that are not used for closed-loop control are feed rates of raw materials, composition of
raw materials, etc. yOL and g9 represent the k' output variable and its decoder recon-
structed counterpart, while yL and gL represent the r** closed-loop controlled variable
and its reconstruction, respectively. Similarly, u?L and ﬁjOL denote the j* open-loop input
variable and its decoder reconstruction, while u$¢% and 4¢* denote the 7" closed-loop ma-
nipulated variable and its reconstruction by the controller’s equations. ferreler indicates
the controller’s equations relating the predicted r** manipulated variable (4¢L) and the

controlled variable value reconstructed by the decoder (§¢%). It is important to note that,
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Figure 5.2: Schematic of process monitoring models: A. single autoencoder model, B.
proposed hybrid autoencoder model.

as shown in the Eqgs. 5.5a-5.5¢, the objective function J; incorporates the controller equa-

feentroller (CLY “wwhich follows from the predictions in

tion and the reconstructed output,
Ji, thereby resulting in a hybrid serial model. The controller equations feorirolier (5FCLY are
implemented numerically thus permitting implementation of any controller scheme. For
example, in the Tennessee Eastman case study we have implemented PI with anti-windup
and ratio controllers. If an advanced controller such as constrained MPC is used, the re-
quired MPC optimization algorithm can be numerically implemented as a function (e.g.,
Python function code) outside the AE network model and the numerical results can be

used in the loss function.

The hybrid model employs the statistical metrics of H? and SPFE for process monitor-
ing reviewed in the previous section. The H? metric is affected by the controller equations,
as the loss function used to train the LSTM-AE includes both the reconstruction error of
the LSTM-AE as well as the error between the measured and the manipulated variable
predicted with the controller equation. As for the SPE metric, which encompasses recon-
struction errors, it is modified with respect to a standard LSTM-AE to incorporate the
error in the reconstruction of the manipulated variable between the measured value and the

value predicted by the controllers’ equations. To do so, this work proposes SP Eaeugmented
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Figure 5.3: Architecture of the SPE and SPE*™9mened matrices of the proposed hybrid

process monitoring model.

which is computed from the augmented reconstruction error matrix. This matrix includes
the reconstruction error of the closed-loop manipulated variables in addition to the re-
construction error of the LSTM-AE model. Figure 5.3 illustrates the structure of the
reconstruction error matrices E and E®9mented where E € RF*0X(m+n+0) corresponds to
SPE, and Eougmented o RExbx(m+2n4p) corresponds to SPE™Imented  Here, k represents
the number of sampling times, and b represents the number of batches or runs for contin-
uous processes. After training the hybrid LSTM-AE model and constructing the matrix
Favgmented - oquations 5.3a and 5.3b can be used to compute H? and SPE®9mented for each
batch or run. Finally, the equation for FDR (Eq. 5.2) can be reformulated using H?
and SPEawwgmented instead of the standard H? and SPE, to assess the effectiveness of the

proposed hybrid model-based FD algorithm.

5.3.2 Case studies

To assess the generality of the approach, it is tested for two case studies involving batch
(Industrial-scale penicillin fermentation) and continuous (Tennessee Eastman Problem)

operations respectively. Nonlinear behaviour is especially significant in batch operations
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since the process variables undergo large changes during the batch. Thus, the application
of the proposed approach to batch serves to illustrate the ability of the algorithm to cope
with nonlinearity. On the other hand, continuous operations will generally involve a richer
dynamic behaviour as the process is exposed to faults (disturbances) entering at different
times. In this case, the application of the proposed approach to a continuous process serves
to illustrate the ability of the LSTM-AE to deal with dynamically correlated data. Also, the
Tennessee Eastman problem involves several PI with anti-windup and ratio controllers, and
thus, by accounting for the exact controller equations, the proposed hybrid model-based

approach has the potential for significant improvements in performance.

Industrial-scale penicillin fermentation simulator (IndPenSim)

The simulator of IndPenSim, available at www.industrialpenicillinsimulat ion.com, has
been widely utilized to assess numerous fault detection algorithms for monitoring batch
processes [Agarwal et al., 2022, Jia et al., 2023, Aghaee et al., 2023, Liu et al., 2024b]. Ind-
PenSim simulates a 100,000L bioreactor, modeling several process variables of the penicillin
chrysogenum fermentation such as dissolved oxygen, viscosity, temperature, pH, and dis-
solved carbon dioxide. Furthermore, the model incorporates the influences of nitrogen and
phenylacetic acid concentrations on biomass and penicillin production rates. A schematic
of the IndPenSim process is depicted in Figure 5.4. The simulator code is used to gener-
ate in-silico data from 700 batches, comprising 100 normal batches and 600 faulty batches
(100 batches per fault). Each batch dataset comprises 25 measured variables, encompassing
both controlled and manipulated variables, collected over a duration of 230 hours (equiva-
lent to 1150 timesteps). Information regarding the six different types of faults is outlined
in Table 5.1. Normal operation batches are subsequently split into training and validation
sets. Among the 100 normal batches, 80 are designated for training the hybrid model, while
20 are reserved for validation to fine-tune the hyperparameters of the LSTM-AE model.

The remaining 600 batches are utilized as the testing dataset. Each dataset is represented
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Table 5.1: Details of various fault types in the IndPenSim case study.

Fault No. Fault Faulty value Time range

1 Disturbance in aeration flow rate (L/hr) 20, 20 [20, 24], [100, 110]

2 Disturbance in vessel back pressure (bar) 2, 2 [100, 104], [200, 230]

3 Disturbance in substrate feed rate (L/hr) 2, 20, 20 [20, 30], [76, 92], [200, 214]
4 Disturbance in base flow rate (L/hr) 5, 10 [80, 84], [140, 160]

5 Disturbance in coolant flow rate (L/hr) 2 [70, 90]

6 All of the above faults

by a three-dimensional matrix, X € R¥***J where k is the number of samples in a batch
dataset, b is the number of batches for that particular dataset, and j is the number of
process variables in the dataset. The first step involves unfolding the three-dimensional
dataset into a two-dimensional format, denoted as Xvnfolded ¢ R*¥*J  Subsequently, nor-
malization of all datasets is carried out using the minimum and maximum values for each

variable present in the training dataset.

The IndPenSim process has two PID controllers with the clipping strategy for control-
ling pH and temperature (T) of the fermenter by manipulating the base flow rate (Fy,) and
coolant flow rate (F.), respectively. The structure of the two PID controllers and their

corresponding parameters are presented in Equation 5.6 and Table 5.2, respectively.

KT
U = min (maX (Uk—l + K.(er — ep—1) + €k
TI
K.t
- T b (yk - kafl + yka)a ulow) 5 uhigh) (56)

ek =Y — Yk

where ug, y°P, and T are the control action at time k, the setpoint of controlled variable

y, and the sampling time (0.2 hours), respectively.
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Figure 5.4: Schematic of IndPenSim process.

Table 5.2: Parameters of the PID controllers for pH and temperature control in the Ind-
PenSim process.

Loop Controlled variable (y) Manipulated variable (u) Kc 71(min) 7p(min) ySP

1 pH Fy, € [0,225] 0.08 4e-5 8 6.5
2 T (K) F. € [0,1500] -300 1.6 0.005 298

Tennessee Eastman (TE) process under decentralized control strategy

In order to evaluate the efficacy of the proposed methodology across a larger-scale system
featuring multiple controllers, we opted to utilize the TE process employing Ricker’s con-
trol strategy. The TE process has been widely used to assess various empirical model-based
methods for monitoring and detecting faults in continuous processes [Shams et al., 2010,
Heo and Lee, 2019, Lau et al., 2013, Chiang et al., 2000, Lomov et al., 2021, Kong and Ge,
2021]. This plant comprises various unit operations, including a vapor-liquid separator, re-
actor, stripper, recycle compressor, and condenser. Through a series of chemical reactions,

four gaseous reactants (A, B, C, and D) give rise to two liquid product streams (G and H)
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alongside a by-product (F). This system encompasses 41 measured outputs, each subject to
inherent measurement noise [Ricker, 1996]. Among these outputs, 19 pertain to composi-
tion measurements obtained from gas chromatographs, sampled at two different rates and
characterized by pure delays. Table 5.3 provides the details of TE process variables, cover-
ing both measurement and manipulated variables. Additionally, the system encompasses
12 manipulated variables, comprising 11 valves and the agitation speed of the reactor.
The data generator GUI is freely accessible at https://github.com/dtuprodana/TEP. The
Simulink file is utilized to generate 10 normal runs for the training dataset, 3 normal runs
for the validation dataset, and 28 runs representing various faulty scenarios (1 run per
fault). Faults 3, 5, 9, 15, 16, 21, 22, 23, and 28 are widely reported to be difficult to
detect due to their relatively minor deviations in process variables compared to normal
operating conditions [Reinartz et al., 2021]. Detection of these faults has been addressed
with specialized approaches such as CUSUM-PCA [Shams et al., 2010] and hierarchical
approaches. Details regarding all the faults are provided in Table 5.4. Each simulation run
has a duration of 20 hours and consists of 40,001 sample points, with a sampling time (T%)
of 5e-4 hours. Various implementations of PI controllers are employed in the Simulink file,
with each presented by the following Equations 5.7a-5.7b. Detailed information regarding
the controllers is also provided in Table 5.5. As evident in the setpoint column (y*?) of
Table 5.5, the setpoints of control loops 1-7 are dependent on the controlled variable of
control loop 8. This complex control structure is referred to as a ratio control strategy
in the work by Ricker et al. [Ricker, 1996]. Additionally, the setpoint of control loop 17
depends on the controlled variable of loop 11. Additional details about the process model,
Ricker’s control strategy, and the GUI of the Simulink file can be found in the original
papers [Downs and Vogel, 1993, Ricker, 1995, 1996, Bathelt et al., 2015, Andersen et al.,
2022]. The hybrid model to be used in this work for fault detection considers explicitly all

these control strategies within the model.
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Table 5.3: Controlled and manipulated variables of Tennessee Eastman plant process.

Variable Name

Variable Number

Unit

Variable Name Variable Number Unit
A feed (stream 1) XMEAS (1) kscmh Feed %F XMEAS (28) mol%
D feed (stream 2) XMEAS (2) kgh—! Purge %A XMEAS (29) mol%
E feed (stream 3) XMEAS (3) kgh~1! Purge %B XMEAS (30) mol%
A and C feed (stream 4) XMEAS (4) kscmh Purge %C XMEAS (31) mol%
Recycle flow XMEAS (5) kscmh Purge %D XMEAS (32) mol%
Reactor feed rate (stream 6) XMEAS (6) kscmh Purge %E XMEAS (33) mol%
Reactor pressure XMEAS (7) kPa guage Purge %F XMEAS (34) mol%
Reactor level XMEAS (8) % Purge %G XMEAS (35) mol%
Reactor temperature XMEAS (9) °C Purge %H XMEAS (36) mol%
Purge rate (stream 9) XMEAS (10) kscmh Product %D XMEAS (37) mol%
Product separator temperature XMEAS (11) °C Product %E XMEAS (38) mol%
Product separator level XMEAS (12) % Product %F XMEAS (39) mol%
Product separator pressure XMEAS (13) kPa guage Product %G XMEAS (40) mol%
Product separator underflow (stream 10) XMEAS (14) m3h~1! Product %H XMEAS (41) mol%
Stripper level XMEAS (15) % D Feed flow XMV(1) kgh—!
Stripper pressure XMEAS (16) kPa guage E Feed flow XMV (2) kgh—!
Stripper underflow (stream 11) XMEAS (17) m3h~1t A Feed flow XMV (3) kgh—1!
Stripper temperature XMEAS (18) °C A and C Feed flow XMV(4) kgh—!
Stripper steam flow XMEAS (19) kgh—1! Compressor recycle valve XMV(5) %
Compressor work XMEAS (20) kW Purge valve XMV (6) %
Reactor cooling water outlet temperature XMEAS (21) °C Separator pot liquid flow XMV (7) m3h~—1!
Separator cooling water outlet temperature =~ XMEAS (22) °C Stripper liquid product flow XMV (8) m3h~1!
Feed %A XMEAS (23) mol% Stripper steam valve XMV (9) %
Feed %B XMEAS (24) mol% Reactor cooling water flow XMV (10) m3h~1!
Feed %C XMEAS (25) mol% Condenser cooling water flow XMV (11) m3h~!
Feed %D XMEAS (26) mol% Agitator speed XMV (12) %
Feed %E XMEAS (27) mol%
KT
up = min(max(up—1 + Ke(ex—1 — ex—2) + e Uiow ), Uhigh) (5.7a)
I
KT
Uk = Up—1 + Kc(ek — ek._l) —+ €L (57b)

TT

5.4 Results and Discussions

For each of the two case studies, two models were trained: (i) a non-hybrid LSTM-AE
model (Method 1), and (ii) a hybrid LSTM-AE model. From the trained hybrid LSTM-
AE model, two process monitoring approaches were developed: one using H? and SPE

(Method 2), and another using H? and SPE®9™ened (Method 3) as process monitoring

metrics. Therefore, three different process monitoring methods were compared for each
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Table 5.4: Details of various fault types in the TE case study.

Fault No. Fault description Time range Fault type

IDV (1) Stream 4 A/C ratio (with constant B content) (5, 20] Step change

IDV (2) Stream 4 composition of B (with constant A/C ratio) [5, 20] Step change

IDV (3) Temperature stream 2 [5, 20] Step change

IDV (4) Reactor cooling water temperature [5, 20] Step change

IDV (5) Condenser cooling water temperature [5, 20] Step change

IDV (6) Stream 1 loss [5, 20] Step change

IDV (7) Stream 4 reduced availability [5, 20] Step change

IDV (8) Stream 4 composition of A, B, and C [5, 20] Random variation
IDV (9) Temperature stream 2 [5, 20] Random variation
IDV (10) Temperature stream 4 [5, 20] Random variation
IDV (11) Reactor cooling water temperature [5, 20] Random variation
IDV (12) Condenser cooling water temperature [5, 20] Random variation
IDV (13) Reaction kinetics [5, 20] Slow drift

IDV (14) Reactor cooling water valve [5, 20] Sticking

IDV (15) Condenser cooling water valve (5, 20] Sticking

IDV (16) Variation coefficient of steam supply [5, 20] Unknown

IDV (17) Variation coefficient of reactor heat transfer [5, 20] Unknown

IDV (18) Variation coefficient of condenser heat transfer [5, 20] Unknown

IDV (19) Unknown [5, 20]

IDV (20) Unknown [5, 20]

IDV (21) Temperature stream 1 [5, 20] Random variation
IDV (22) Temperature stream 3 [5, 20] Random variation
IDV (23) Stream 1 pressure [5, 20] Random variation
IDV (24) Stream 2 pressure [5, 20] Random variation
IDV (25) Stream 3 pressure [5, 20] Random variation
IDV (26) Stream 4 pressure [5, 20] Random variation
IDV (27) Reactor cooling water pressure [5, 20] Random variation
IDV (28) Condenser cooling water pressure [5, 20] Random variation

case study in terms of specificity, sensitivity, and balanced accuracy. The dataset was

divided into three subsets: (i) a training dataset used for model training and weight op-

timization, (ii) a validation dataset used to fine-tune hyperparameters of the LSTM-AE

and to evaluate the methodology’s performance on normal processes, and (iii) a testing

dataset used to evaluate the methodology’s effectiveness in monitoring faulty scenarios.

Several hyperparameters, such as the number of layers, units per layer, and learning rate,

were tuned to optimize the loss function on the validation dataset. The search for hy-

perparameters’ values was implemented using Python’s Keras-tuner within a defined grid

of parameters which included the number of encoder layers, the number of units within
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Table 5.5: Parameters of the PI controllers in the Tennessee Eastman plant process.

Loop Controlled variable (y) Manipulated variable (u) K¢ 71(min) ySP Eq.
1 XMEAS (1) XMV (3) € [0, 100] 0.01  0.001 Fpri 5.7a
2 XMEAS (2) XMV (1) € [0, 100] 1.6e-6  0.001 Fpra 5.7a
3 XMEAS (3) XMV (2) € [0, 100] 1.8¢-6  0.001 Fors 5.7a
4 XMEAS (4) XMV (4) € [0,100] 0.003  0.001 Fpry 5.7a
5 XMEAS (10) XMV (6) € [0,100] 0.01  0.001 Fprs 5.7a
6 XMEAS (14) XMV (7) € [0, 100] de-d  0.001 Fpre 5.7a
7 XMEAS (17) XMV (8) € [0, 100] de-d  0.001 Fprr 5.7a
8 XMEAS (17) F, € [—30,30] 3.2 2 22.89 5.7a
9 XMEAS (15) Ratio in loop 7, r7 € [0, 100] -2e-4 200 50 5.7a
10 XMEAS (12) Ratio in loop 6, r¢ € [0,100]  -1le-3 200 50 5.7a
11 XMEAS (8) SepTempSP?, € [0,120] 0.8 60 65 5.7a
12 XMEAS (7) Ratio in loop 5, r5 € [0,100]  -le-4 20 2800 5.7a
13 XMEAS (40) EPy; € [~ inf, inf] -0.4 100 53.8 5.7a
14 yA° Ratio in loop 1, r1 2e-4 60 63.1373 5.7b
15 yACH r1 + 14 3e-4 120 51 5.7b
16 XMEAS (9) XMV (10) € [0, 100] -8.0 7.5 122.9 5.7a
17 XMEAS (11) XMV (11) € [0, 100] 40 15.0 SepTempSP  5.7a

a SepTempSP is the setpoint of the separator temperature (Setpoint of loop 17).
b Eagq; is the adjustment to the molar feed rate of E.
°ya = 100XMEAS(23)/yac

dyac = XMEAS(23) + XMEAS(25)

layers, and learning rates.

5.4.1 Results in the IndPenSim case study

Two LSTM-AE models were trained to monitor the IndPenSim case study, each utilizing

a distinct loss function corresponding to either a non-hybrid LSTM-AE model (Method 1)

or a hybrid LSTM-AE model. As mentioned earlier, two process monitoring models have
been developed from the hybrid LSTM-AE model: Method 2 and Method 3. Following
the validation procedure outlined above, the hyperparameters of the non-hybrid LSTM-

AE model were set as follows: layer unit numbers of 18, 12, 18, and a learning rate of

0.01. In order to ensure a fair comparison between the hybrid LSTM-AE model and the
non-hybrid LSTM-AE model (Method 1), the number of units in the hidden layers and

the learning rate were set to be identical for both models. It will be shown below that
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while the number of hidden units is kept the same for the non-hybrid and hybrid models,
the hybrid model will require significantly fewer input and output units as compared to
the non-hybrid model. Subsequently, both models were evaluated in terms of sensitivity,
specificity, and balanced accuracy for both the validation dataset and the testing dataset,
which encompassed six fault scenarios. Figure 5.5, illustrates the hybrid LSTM-AE model’s
ability to reconstruct process variables for one validation batch. Specifically, the initial 16
variables undergo direct reconstruction from the encoder part of the LSTM-AE model,
whereas the last two variables (coolant flow rate (F.) and base flow rate (F})) are recon-
structed via the controller correlation, utilizing the reconstructed pH and temperature (pH
and T), respectively. A summary of the performance of three different methods for moni-
toring the IndPenSim process in terms of these metrics is provided in Table 5.6. Overall,
the hybrid model incorporating H? and SPE9mented (Method 3) demonstrates superior
performance, achieving a balanced accuracy of 82.93% in the testing datasets, compared
to the non-hybrid LSTM-AE (Method 1) with a balanced accuracy of 81.21% and the hy-
brid model utilizing only H? and SPE (Method 2) with a balanced accuracy of 79.52%,
for monitoring all six different types of faults. Compared to Method 1, Method 3 exhibits
significant improvements in balanced accuracy for faults 3, 4, and 5, with increases of
over 7%, over 21%, and 1.7%, respectively. It is found that this significant improvement
is mostly because of the improvement in sensitivity, which is the ability of the model to
correctly identify faulty samples. For example, fault 3, which poses a particular challenge
due to its similarity to normal operation conditions compared to other faults, exhibited an
improvement of over 13% in sensitivity when utilizing the proposed hybrid model (Method
3) instead of the non-hybrid LSTM-AE model. Fault 4, associated with a base flow rate
disturbance as detailed in Table 5.1, exhibits the most substantial enhancement in sensi-
tivity. This improvement surpasses 43% compared to the non-hybrid LSTM-AE model,
attributable to the utilization of the proposed hybrid monitoring model. Notably, this
enhancement is observed due to one of the two controllers in this case study leveraging the

base flow rate to regulate the pH of the fermenter. Fault 5, which pertains to the coolant
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flow rate and its impact on the temperature controller, demonstrates a slight improvement
of over 3% when employing the hybrid model in comparison to the non-hybrid LSTM-AE
model. Figure 5.6 presents the process monitoring metrics H? and SPE for faults 4 and 5,
which are associated with the controllers. In summary, the most significant improvement
is observed in correctly detecting faulty samples, with a slight enhancement in correctly
identifying normal samples. Furthermore, the hybrid model, requiring 2922 parameters,
is more compact than the non-hybrid LSTM-AE model, which involves 2800 parameters.
This reduction in the number of parameters not only diminishes the risk of over-fitting but
also reduces the requirement for substantial training data and computational resources.
Additionally, the comparison between the two hybrid models highlights the advantage of
incorporating the proposed SPE®9mented which includes the error associated with the
reconstructions of control actions, over SPE alone, which solely considers the reconstruc-
tion error associated with the LSTM-AE variables. In the hybrid model architecture, the
metric of H? is directly influenced by the network’s latent variables which are trained
based on the use of the controllers’ related reconstruction errors during training. In the
case of SPEewgmented itg information is directly related to the controllers’ equations since
it includes the error between the measured manipulated variables and the reconstructed
manipulated variables using the controllers’ equations. It is important to notice that the
exact PID controllers including their saturation limits are numerically implemented outside
the neural network architecture. As shown in Figure 5.5, in the Penicillin case study, Fj
and F, reach their saturation levels when at zero. Both PID controllers are numerically
implemented to account for hard bounds in their functions and to compensate for such
bounds with the clipping strategy. While certain faults exhibit better detectability based
on H?, others are more discernible via SPE. The reason some faults yield superior results
without the inclusion of SPE9mented s due to H? playing a more significant role in their
detection as compared to SPE. Conversely, for faults that rely more on SPFE, employing

S P Eewgmented ingtead of solely relying on SPE leads to improved detection outcomes.
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Table 5.6: Summary of the performance of three different methods for monitoring the
IndPenSim process.

Sensitivity: True Positive Rate Specificity: True Negative Rate Balanced Accuracy
Dataset Method 1° Method 2b Method 3° Method 1 Method 2 Method 3 Method 1 Method 2 Method 3
Training NaN NaN NaN 97.63 97.93 97.25 97.63 97.93 97.25
Validation NaN NaN NaN 97.91 97.78 97.84 97.91 97.78 97.84
Testing: Fault (1)  100.0 100.0 100.0 82.60 81.81 84.18 91.30 90.91 92.09
Testing: Fault (2)  100.0 84.28 100.0 96.24 94.97 96.37 98.12 89.62 98.19
Testing: Fault (3)  38.03 38.52 51.72 64.32 64.37 65.92 51.17 51.47 58.82
Testing: Fault (4) 51.84 80.19 94.89 95.26 95.0 95.43 73.55 87.81 94.94
Testing: Fault (5) 68.95 68.73 72.25 96.11 89.24 96.23 82.48 79.09 84.18
Testing: Fault (6) 81.06 77.11 81.16 45.86 48.52 49.95 63.46 62.81 65.56
Testing: Average 75.89 72.33 80.63 82.26 80.93 83.38 81.21 79.52 82.93

* Method 1: non-hybrid LSTM-AE with {H2, SPE} monitoring metrics.

\_) Method 2: Hybrid LSTM-AE with {H?, SPE} monitoring metrics.
“ Method 3: Hybrid LSTM-AE with {H?, SPEaugmented} monitoring metrics.

5.4.2 Results in the Tennessee Eastman case study

We developed two LSTM-AE models for monitoring the TE process: (i) a non-hybrid
LSTM-AE model (Method 1) and (ii) a hybrid LSTM-AE model (Methods 2 and 3). We

Faugmented metric compared to

also investigate the benefits of utilizing the proposed SP
using SPE alone. For this case study, the architecture of the non-hybrid LSTM-AE model
is configured with layers consisting of 50, 32, and 50 units, with a learning rate set to 0.1.
The hybrid LSTM-AE architecture reduces the model’s parameters from 20,594 to 19,145,

representing a reduction of slightly over 7%.

Similar to the previous section, we compared the performance of all three methods
in terms of sensitivity, specificity, and balanced accuracy. Figure 5.7 depicts the recon-
struction performance of the proposed hybrid LSTM-AE model across the manipulating
variables of the TE process for a validation run not included in the training dataset. The
reconstruction of the first 9 variables relies on the controllers’ correlations, as detailed in
Table 5.5, while the remaining variables are reconstructed using the decoder network of the
model. Table 5.7 provides a comparison of the three methods employed in monitoring the
TE process. Notably, both the training and validation datasets show high specificity rates
across all methods, indicating a robust ability to identify normal operating conditions.

However, distinctions between the methods become apparent during the testing phase.
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Figure 5.5: IndPenSim variables and their reconstruction by the trained hybrid LSTM-AE
model for a validation batch.

For instance, in the testing scenarios involving fault injections, Method 3 consistently
outperforms both Method 1 and Method 2 in terms of sensitivity, which measures the
Method 3, the hybrid LSTM-AE model in-

corporating SPE®9mented - demonstrates superior performance in detecting various fault

model’s ability to accurately detect faults.

types, showcasing its effectiveness in distinguishing between normal and faulty conditions.

As previously stated, 28 testing runs were generated using the TE simulator code,
employing identical initial conditions and the same seed number used for introducing noise
to the process model. Each fault occurred after 5 hours from the start of the simulation
and persisted until the simulation ended at 20 hours. Since specificity is an indicator of
detecting normal samples as normal and the operation is normal for the first 5 hours only,
each method results in the same specificity rate for all 28 faulty scenarios. In terms of
specificity that reflects the model’s ability to accurately detect normal samples, Method 3
(hybrid LSTM-AE model with SP E*wmented) surpasses Method 1 (non-hybrid LSTM-AE
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Figure 5.6: Plots of H?, SPE, and their corresponding upper control limits with Method
3 for faults 4 and 5, which are associated with the controllers.

model) by 5.25% and Method 2 (hybrid LSTM-AE model with SPFE alone) by 8.41%.

Significant improvements are observed by utilizing Method 3 compared to both Method
1 and Method 2 for faults IDV (4), IDV (7), IDV (24), and IDV (27). These instances high-
light the effectiveness of the hybrid LSTM-AE model with the loss function S P Eeugmented
in detecting and responding to specific fault scenarios, resulting in enhanced performance

metrics compared to alternative monitoring methods.

For example, for Fault IDV (4) that involves a substantial disturbance in the process,
Method 3 exhibits a significantly higher sensitivity of 94.89%, significantly outperform-
ing both Method 1 and Method 2. This notable improvement emphasizes the advantage
of incorporating SPE*9mented into the monitoring framework, as it enables the model to
capture and respond to deviations in control actions that may precede or indicate the onset
of faults. By leveraging the additional information provided by SPEewmented the hybrid

model demonstrates superior fault detection capabilities, thereby enhancing overall process
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reliability and safety. Similarly, in Fault IDV (7), IDV (24), and IDV (27), Method 3 con-
sistently achieves higher sensitivity accuracy compared to Method 1 and Method 2. These
results reflect the robustness and efficacy of the hybrid LSTM-AE model with S P Faugmented
in identifying anomalous events and deviations from normal operation, even in complex

and dynamic industrial environments.

Indeed, the enhanced sensitivity accuracy of the hybrid LSTM-AE model with S P paugmented
is particularly notable in cases where anomalous events are relatively rare, such as in fault
IDV (3), IDV (5), IDV (9), IDV (15), IDV (16), IDV (21), IDV (22), IDV (23), and IDV
(28). These scenarios represent instances where the system experiences deviations from
normal operation that occur infrequently but still have a significant impact on the process.
In such cases, the hybrid model’s incorporation of SPE9mented proves advantageous due
to its ability to capture relatively small deviations in the error between the measured and
reconstructed control actions, providing additional information that enhances the model’s
sensitivity to anomalous events. By considering not only the reconstruction error of pro-
cess variables but also the error associated with control actions, the model becomes more
adept at identifying deviations that may be indicative of impending faults or abnormal
conditions. This heightened sensitivity accuracy is essential in industrial settings where
the occurrence of rare events can have significant implications for process efficiency, prod-
uct quality, and safety. By enabling early detection and intervention in such scenarios, the
hybrid LSTM-AE model with S P E*9mented offers enhanced predictive capabilities. Figure
5.8 depicts the process monitoring metrics H? and SPE for faults IDV (2), IDV (3), and
IDV (7) across the three methods. Another benefit of the proposed hybrid LSTM-AE
model with SPEwmented a5 shown in Figure 5.8, is that the SPE metric of Method 3
(S P Eaugmented) oxhibits a more significant violation of the upper control limit when the

faults are injected. This indicates greater observability of abnormal events.
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Figure 5.7: Tennessee Eastman manipulating variables and their reconstructions by the

trained hybrid LSTM-AE model for a validation run.

Figure 5.8: Plots of H%, SPE, and their corresponding upper control limits with Method
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3 for faults IDV (2), IDV (3), and IDV (7).
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Table 5.7: Summary of the performance of three different methods for monitoring the
Tennessee Eastman process.

Sensitivity: True Positive Rate Specificity: True Negative Rate Balanced Accuracy
Dataset Method 1° Method 2b Method 3° Method 1 Method 2 Method 3 Method 1 Method 2 Method 3
Training NaN NaN NaN 85.84 85.32 86.36 85.84 85.32 86.36
Validation NaN NaN NaN 85.77 85.20 85.98 85.77 85.20 85.98
Testing: IDV (1) 99.64 99.46 99.76 89.28 86.12 94.53 94.46 92.79 97.16
Testing: IDV (2) 98.58 95.75 98.87 89.28 86.12 94.53 93.93 90.94 96.70
Testing: IDV (3) 23.09 15.14 29.21 89.28 86.12 94.53 56.18 50.63 61.87
Testing: IDV (4) 68.91 12.0 100.0 89.28 86.12 94.53 79.10 49.06 97.26
Testing: IDV (5) 9.08 4.44 13.01 89.28 86.12 94.53 49.18 45.28 53.77
Testing: IDV (6) 100.0 99.96 100.0 89.28 86.12 94.53 94.64 93.04 97.27
Testing: IDV (7) 87.50 33.54 100.0 89.28 86.12 94.53 88.39 59.83 97.26
Testing: IDV (8) 94.97 95.54 96.0 89.28 86.12 94.53 92.12 90.33 95.26
Testing: IDV (9) 17.29 10.44 29.29 89.28 86.12 94.53 53.28 48.28 61.91
Testing: IDV (10)  78.52 81.05 84.66 89.28 86.12 94.53 83.90 83.59 89.59
Testing: IDV (11)  98.23 91.38 98.15 89.28 86.12 94.53 93.76 88.75 96.34
Testing: IDV (12)  45.17 27.01 53.85 89.28 86.12 94.53 67.23 56.56 74.19
Testing: IDV (13)  82.68 80.47 85.42 89.28 86.12 94.53 85.98 83.29 89.98
Testing: IDV (14)  99.70 99.72 99.89 89.28 86.12 94.53 94.49 92.92 97.21
Testing: IDV (15)  13.45 5.47 13.81 89.28 86.12 94.53 51.36 45.79 54.17
Testing: IDV (16)  12.03 2.99 13.85 89.28 86.12 94.53 50.65 44.55 54.19
Testing: IDV (17)  90.36 89.41 90.65 89.28 86.12 94.53 89.82 87.76 92.59
Testing: IDV (18)  81.71 81.48 82.67 89.28 86.12 94.53 85.49 85.38 88.60
Testing: IDV (19)  82.01 79.0 97.99 89.28 86.12 94.53 85.65 82.56 96.26
Testing: IDV (20)  91.05 88.57 91.29 89.28 86.12 94.53 90.16 87.34 92.91
Testing: IDV (21)  12.49 4.72 12.65 89.28 86.12 94.53 50.88 45.42 53.59
Testing: IDV (22)  17.63 9.98 31.78 89.28 86.12 94.53 53.45 48.05 63.15
Testing: IDV (23)  10.37 5.05 14.32 89.28 86.12 94.53 49.83 88.12 54.43
Testing: IDV (24)  85.69 81.52 97.45 89.28 86.12 94.53 87.48 83.82 95.99
Testing: IDV (25)  91.82 30.77 92.02 89.28 86.12 94.53 90.55 58.44 93.27
Testing: IDV (26)  78.48 16.81 80.45 89.28 86.12 94.53 83.88 51.46 87.49
Testing: IDV (27)  70.76 65.77 91.34 89.28 86.12 94.53 80.02 75.95 92.93
Testing: IDV (28)  13.64 6.47 14.82 89.28 86.12 94.53 51.46 46.29 54.67
Testing: Average 62.67 50.50 68.33 89.28 86.12 94.53 82.63 77.22 87.98

* Method 1: Non-hybrid LSTM-AE with {H2, SPE} monitoring metrics.

" Method 2: Hybrid LSTM-AE with {H?, SPE} monitoring metrics.
 Method 3: Hybrid LSTM-AE with {H?, SPEaugmented} monitoring metrics.

5.5 Conclusion

This study introduces hybrid LSTM-AE models that leverage process controllers’ exact
equations for monitoring both IndPenSim and TE processes. For the hybrid model, we
proposed two loss functions; one that does not include the reconstruction error of the
manipulated variables and an augmented loss function that includes that reconstruction
error. Then, we compare three methods regarding their sensitivity to faults, specificity,
and balanced accuracy: (i) single LSTM-AE with H? and SPE, (ii) hybrid LSTM-AE
with H? and SPE, and (iii) hybrid LSTM-AE with H? and SPE9mented  Qur findings
demonstrate that employing the hybrid LSTM-AE architecture using H? and S P Eeugmented
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significantly improves process monitoring efficacy across all metrics, particularly sensitivity
as compared to methods that rely on a non-hybrid model or a hybrid model with SPFE

without augmentation.

This improvement primarily stems from the fact that certain faults are strongly corre-
lated to controlled variables’ closed-loop responses. Incorporating these correlations into
the loss function of the model enhances the detection of these specific faults. Moreover,
the utilization of SPE®9merted computed from the augmented reconstruction error ma-
trix that combines the reconstruction errors of both LSTM-AE variables and manipulating
variables, demonstrates superior efficacy in detecting various types of faults compared to
using S PFE alone, which is derived solely from the reconstruction error matrix of LSTM-AE

variables.

In the IndPenSim case study, faults 4 and 5, which are linked to the controllers, exhibit
greater detectability when employing the hybrid LSTM-AE model with SP Eaeugmented
Similarly, in the TE process, the hybrid process monitoring approach not only demonstrates
higher accuracy in detecting significantly large faults but also exhibits greater efficacy in
cases where anomalous events are relatively rare, e.g. faults 3 or 5 in the TE case study.
Additionally, the hybrid LSTM-AE model features fewer parameters to tune compared to
a non-hybrid LSTM-AE model with the same number of hidden layers and units. This
reduction in AE network’s units with the corresponding reduction in training parameters

reduces the risk of overfitting and lowers the computational costs.
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Chapter 6

Graph Neural Network
Representation of State Space

Models of Metabolic Pathways

Overview!

In this chapter a novel Metabolic Graph Neural Network (MGNN) model is proposed for
simulating the dynamic behavior of metabolites involved in oxidative stress metabolic path-
ways in a bacterial cell culture. The developed MGNN model is trained and validated with
in-silico data generated from the mechanistic model. By using the a priori known metabolic
network, the proposed MGNN model effectively reduces the overfitting issue as compared
to a fully connected network that does not uses the metabolic network knowledge. The

MGNN exhibits a superior fit for both training and testing datasets. The proposed MGNN

!Adapted from Aghaee, Mohammad, et al. “Graph Neural Network Representation of State Space
Models of Metabolic Pathways.” doi.org/10.1016/j.ifacol.2024.08.380
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is highly interpretable since it efficiently computes the relevance of each metabolite on any
other metabolite by applying gradient computation and back-propagation operations to

the neural network. The proposed model is also shown to be useful for fault detection.

6.1 Introduction

With the development of improved computer technology and the availability of large
amounts of biological data, accurate modeling of biochemical processes has become in-

creasingly important to leveraging these data to predict biological systems’ behavior.

The traditional kinetic modelling (KM) approach that has been widely used for mod-
elling dynamic bio-processes is based on the formulation of mass balances for key metabo-
lites. For example, [Lei et al., 2001] proposed a continuous mechanistic model for pyruvate
metabolism in saccharomyces cerevisiae fermentation. The model presents the dynamic of
eight key metabolites of pyruvate metabolism in saccharomyces cerevisiae with 12 reac-
tions which all were modelled based on Michaelis—-Menten kinetics with respect to a given
substrate and with a first order dependency on the active biomass pool. These kinetic
models rely on explicit functional relationships connecting the rate of change of metabo-
lites and the enzyme kinetics involved in each reactions. Michaelis—-Menten kinetics is the
most commonly used kinetic rate expression although the true mechanistic kinetic rate law
for each specific reaction is unknown a priori for most enzymes. Because each such kinetic
expression involves a number of parameters, overall KMs require a large number of parame-
ters that must be calibrated via nonlinear optimization based on generally noisy and scarce
data. The problem becomes more pronounced in large metabolic networks due to the large
number of metabolites and reactions involved. Generally, the structure of these models is

only loosely based on prior knowledge about the interactions between metabolites.

Dynamic metabolic flux modelling, especially the dynamic flux balance analysis (DFBA)

is an alternative approach that uses detailed knowledge of the metabolic network of re-
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actions. [Mahadevan et al., 2002] described two different formulations of DFBA, which
incorporate rate of change of flux constraints. The resulting DFBA models were able to
describe the dynamics of diauxic growth of Escherichia coli on glucose and acetate as well
as the dynamics of key metabolites’ concentrations. The DFBA model of [Mahadevan et al.,
2002] consists of four ordinary differential equations for extracellular glucose, acetate, oxy-
gen and biomass. DFBA are generally formulated by a constrained optimization problem
where a biological objective, e.g. growth rate is maximize subject to stoichiometric and
other constraints. Although this approach has the potential to reduce the number of model
parameters as compared to the traditional kinetic modelling approach, stoichiometric con-
straints alone are not sufficient to fully describe dynamic behaviour as they ignore enzyme
kinetics limitations. To address this problem, additional kinetic rate constraints are added
to the constrained optimization problem. Since these additional constraints involve tuning
parameters, a crucial challenge in DFBA is to identify a minimal number of kinetic con-
straints to fit data while avoiding over-fitting. This search often requires the solution of
mixed integer optimization problems that are difficult to solve. Also, DFBA and KM are
less suitable for monitoring due to model error unless the latter will be accounted for as in
e.g. [Du et al., 2015].

As an alternative to the aforementioned KM and DFBA approaches, data-driven mod-
els such as machine learning models can be used when large datasets and computing power.
[Costello and Martin, 2018] developed a machine learning algorithm to predict pathway
dynamics in an automated fashion. For example, a Python code called TPOT (Tree-based
Pipeline Optimization Tool) which relies on a Genetic optimization algorithm is used to au-
tomatically select the most suitable model among different candidates and to choose among
different preprocessing algorithms that are included in the scikit-learn Python package.
This method was tested on Limonene pathways and compared to the Michaelis-Menten
kinetic model with 10 ordinary differential equations. However, the results exhibited con-
siderable offset with respect to experimental data. The lack of fit was explained by the

occurrence of highly nonlinear behaviour combined with scarce data for training.
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Deep learning (DL) models can be used to effectively reconstruct highly nonlinear
trajectories but there is always the possibility of data overfitting due to the high number
of parameters in DL models. In case of over-fitting, this can be reduced by either increasing
the amount of data or by pruning the neural network model to decrease the number of
parameters. Data is generally limited and pruning of the network requires the use of
empirical thresholds that are generally difficult to determine in the presence of noise.
In this work we propose an alternative DL modelling approach where a priori knowledge
about the metabolic network stoichiometry is used to constraint the structure of the neural

network thus eliminating the need for empirical pruning methods.

This paper introduces Metabolic Graph Neural Networks (MGNN) as a novel approach
for dynamic prediction of metabolites’ concentrations and for detection and diagnosis of
faults. In this special neural networks, the neurons contain information about metabolites
and the network architecture is constrained based on a priori biological information about
the network of metabolic reactions. The use of such constrained architecture is expected
to lead to several benefits: i- overfitting of data will be avoided as compared to a fully
interconnected network that does not use a priori information about the network of re-
actions, ii- by capitalizing on currently available powerful deep learning algorithms, this
MGNN model is easier to tune as compared to other stocihiometry based approaches such
as DFBA that require the solution of a challenging NLP, iii- the nonlinear form of the
kinetic constraints in DFBA, e.g. Monod, Hill and other, must be decided a priori whereas
MGNN does not require such choice , iv- the resulting MGNN can provide explainability
since the neurons are associated to metabolites and thus the interconnection signals are
associated to fluxes. The proposed methodology is tested on the oxidative stress metabolic
network of B. Pertussis which is a bacteria used for the manufacturing of the whooping
cough vaccine. The model is compared with a dynamic mechanistic model developed by

[Vitelli et al., 2023] for the same biochemical system.
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6.2 Proposed methodology

6.2.1 Graph Neural Networks

Processes involved a variety of phenomena that can be understood in terms of the rela-
tionships between the elements. A set of elements, and the connections between them, can
naturally be expressed as a graph. In recent years, neural networks that operate on graph
data (called graph neural networks, or GNNs) have been developed for a wide range of
applications, such as antibacterial discovery [Stokes et al., 2020] or for quantum chemistry
[Gilmer et al., 2017].

In the graph based modelling approach, the nodes of a graph represent objects or
concepts, and the edges represent their relationships or interactions. For example, in the
graph description of metabolic pathways, the nodes in the graph represent the metabolites

and the connections between the nodes represent the reactions.

Typically, biochemical systems exhibit highly nonlinear behaviour due to the nonlin-
ear kinetics regulating individual reactions among metabolites. On the other hand the
connections between nodes in neural networks are also regulated by nonlinear activation
functions but these can only represent simple nonlinear behaviour such as sigmoidal or
semi-linear behaviour (Relu functions). Hence, single connections between two neurons
can not capture the full nonlinear dependencies of the biochemical process. Instead, we
propose in this work the use of one or more layers of neurons to connect between two
neurons that are associated to individual metabolites. In addition to nonlinearity, the
operation of bioprocesses in batch or perfusion modes, requires consideration of dynamic
behaviour. To address the expected nonlinear dynamic behaviour a graph neural network
model is proposed in this study as shown in Figure 6.1. This particular neural network is
used for predicting state x; at current time k + 1 which is fed by those states which are

connected to state x; according to the graph edges at time k.
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Figure 6.1: A schematic of graph neural networks (GNNs).

6.2.2 Oxidative Stress Metabolic Pathways

Oxidative stress metabolism in Bordetella pertussis fermentations involves a complex net-
work of reactions occurring among various key molecules. At the heart of this process lies
NADPH (Nicotinamide Adenine Dinucleotide Phosphate), a critical cofactor that plays a
central role in countering the damaging effects of reactive oxygen species (ROS). When
B. pertussis encounters ROS in the host environment, NADPH becomes crucial for main-
taining redox balance and protecting the bacterium from oxidative harm. The motivation
for focusing on the mechanism of oxidative stress is that it was found in previous studies
by our group to be highly correlated with low productivity of antigens required in the

formulation of the whooping cough vaccine.

NADPH serves as an essential reactant (co-factor) in various enzymatic reactions. It
is involved in the reduction of NADP+ (the oxidized form of NADPH) into its reduced
form, NADPH, through specific enzymatic reactions, [Vitelli et al., 2023]. In this context,
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NADPH helps activate antioxidative enzymes like superoxide dismutase and catalase, which
are crucial for neutralizing ROS, i.e. superoxide radicals and hydrogen peroxide into less

harmful molecules, thus preventing cellular damage.

In response to oxidative stress, Bordetella pertussis shifts its metabolism to emphasize
reactions related to generation and quenching of ROS. NADPH is a co-factor for anti-
oxidative reactions catalyzed by superoxide dismutase and catalase. By diverting energy

away from anabolic processes, e.g. cell growth, the bacterium uses NADPH to quench
ROS.

This metabolic adaptation helps Bordetella pertussis strike a balance between growing
and staying alive in the challenging host environment. By using NADPH and its an-
tioxidative enzymes, the bacterium can thrive and successfully establish itself within the

respiratory system despite the presence of harmful ROS.

6.2.3 Graph Neural Network for Oxidative Stress Metabolic Path-

ways

In this study, we have developed a MGNN model to represent the dynamic behavior of ox-
idative stress metabolic pathways. Figure 6.2 illustrates the pathways in the metabolic net-
work of oxidative stress in Bordetella pertussis bacteria. Metabolites S..¢, S, A, B, C and
Ay represent extracellular glutamate, intracellular glutamate, NADPH, ROS, NADP™
and extracellular NADPH respectively. A metabolic neural network is developed based on
the presented metabolic network in order to predict the concentrations of metabolites over
time. Also, a fully connected neural network is also developed for comparison with the
metabolic neural network model in terms of performance and number of parameters. The
training data have been synthetically generated using the mechanistic model developed
by [Vitelli et al., 2023] which was fully trained and validated with experimental data. In
practice, the proposed MGNN could be also directly trained with data. In this study, in
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silico data for 20 batches are generated by considering different initial conditions corre-
sponding to perturbations around the experimental initial conditions that were used in the
actual experiments. The data was split into 3 data sets to be used for training, valida-
tion and testing respectively. The training set is used to train the weights of the network
for a particular set of hyper-parameters, the validation set is used to find a best set of
hyperparameters and the testing set is used to test the accuracy with data that is not
used for neither training or validation. Hence, the overall calibration of the model involves
successive iterations between training and validation steps from which a best combination
of weights and hyperparameters is found. In total, fifteen batches were used in the training
process, two batches in the validation process, and three batches in the testing process.
The total fermentation time of each batch is 60 hours (120 samples per batch) and includes
the 6 metabolites presented above plus biomass. Figure 6.3 shows the in silico dynamic
profiles of 6 metabolites and biomass concentrations obtained with the mechanistic model

in [Vitelli et al., 2023] during the Bordetella pertussis fermentation.

It is also worth mentioning that the reliability of the parameters in the MGNN is highly
dependent on the quality of the data and the underlying model assumptions. In theory, if
the model were perfect and an infinite amount of data were available, the parameters would
be perfectly identified. However, in practice, the kinetic rates used in the model—such as
those proposed [Vitelli et al., 2023]—are not necessarily true or universally applicable. The
rates in that work were based on specific assumptions and experimental conditions, which
may not fully capture the complexity of metabolic processes. Furthermore, the limited
amount of experimental data available for developing the mechanistic model constraints
the accuracy and generalizability of the MGNN parameters. As a result, while the MGNN
provides valuable insights, it is important to acknowledge that the reliability of its param-

eters is influenced by the limitations of the data and assumptions used in its development.
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Figure 6.2: An illustration of the metabolic pathways involved in oxidative stress.
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Figure 6.3: Synthetic data produced by the mechanistic model developed by Vitelli et al.,
2023.
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6.3 Results and discussion

Two different deep learning models were trained to predict metabolites’ concentrations over
time: i- the MGNN model, and ii- the associated fully connected neural network model.
The hyperparameters considered for these models are: the number of layers, the number of
units within each layer, and the learning rate. Using the validation data set, these param-
eters are tuned to minimize the loss function. The hyperparameter search is implemented
using Python’s Keras-tuner. To perform this search, a grid of hyperparameters is defined,
for the number of hidden layers for correctly capturing nonlinear dynamics of metabolites’
behavior = [1, 2, 3], number of neurons for each layer = [1, 2, 4, 8], and learning rate
= [0.1, 0.01, 0.001, 0.0001]. Figure 6.4 illustrates the architecture of the metabolic graph
neural network model that was developed for predicting the concentrations of different
metabolites during oxidative stress in Bordetella pertussis fermentation. Figures 6.5 and
6.6 compare the dynamics of metabolite concentrations between the fully connected neural
network and the mechanistic model in a training and in a testing batch respectively. As
depicted in these figures, the fully connected neural network demonstrates a good fit for
the training batch but a notably poor fit for the testing batch, indicating an overfitting
issue in the fully connected neural network model. As previously mentioned, overfitting is
caused by the high number of parameters in the fully connected neural network. However,
Figure 6.7 exhibits a very good fit for the testing batch, addressing the overfitting issue
due to the model’s significantly lower number of parameters. A comparison between the
MGNN model and the corresponding fully connected neural network model in terms of the

mean square error is shown in Table 6.1.

Physical explainability (interpretability) of the network is a desired property of deep
learning models. Also, the proposed MGNN model has the ability to quantify the effect
of input variables on the outputs by back-propagation operations through the network.
To interpret the MGNN we consider the gradients of the time derivative of each metabo-

lite’s concentration with respect to each metabolite’s concentration that can be directly
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obtained from the network from the difference between the metabolite’s concentrations
at two consecutive times k and k+1. The absolute values of the gradients are averaged
over the fermentation duration to quantify the average impact of each metabolite on any
other metabolite. Also, if the signs of the gradients are considered, the actual positive or

negative correlation among metabolites can be inferred.

Figure 6.8 illustrates the absolute value of the impact of each metabolite on each other
metabolite in the metabolic network. The figure accurately demonstrates that metabolites
not connected to a specific metabolite in the metabolic graph exhibit no contributions in
the change of that specific metabolite. Figure 6.9 also illustrate the positive or negative

impact of various metabolites on the change of a particular metabolite.

For example, the first row of Figures 6.8 and 6.9, shows a positive impact from metabo-
lites X (biomass), A (NADPH), and S (glutamate) on the change in biomass concentra-

tion which aligns with the mechanistic ODE equation developed for the dynamics of this

metabolite:
X — (n— D)X
a= =D (6.1)
= aF A

For A..,; (NADPH extracellular), Figure 6.9 displays a positive effect from X and A,

in accordance with the ODE equation below:

dAext
dt

= (K,, + D)AX (6.2)

Eq. 6.2, indicates that the change dA.,; has a direct positive correlation with variables
A and X. Correspondingly, according to the metabolic graph, A.,; either converts into
intracellular A or accumulates outside the cell, aligning with the negative influence of A..;

on its own alteration, as determined by the MGNN model.

Similarly, Figure 6.8 and 6.9 shows positive influences of metabolites A, B, C', and X,
as well and negative influence of S on the change of metabolite A (NADPH). These obser-
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vations can be verified with the mechanistic ODE equation describing the concentration

dynamics of this metabolite:

A
‘il—t — FuA — kyAB + knC — pA — K A (6.3)
A (NADPH), S (glutamate), C' (NADP*), and X (biomass) contribute to the increase

in B, while the consumption of metabolite B in producing C' and degradation of B result

in its decrease.

dB
= FpA—kyAB + k,C — B — dpB (6.4)

Regarding metabolite C' (NADP™), Figures 6.8 and 6.9 depict a positive influence from
metabolites A, B, C, and S, and a negative influence from X. This observation can be

again verified with the mechanistic model concerning the dynamics of this metabolite.

90 _ o AB — k,yC' — pC

(Fs7m)S
Fp= 23205 <Kts+s)1'5 (6.5)
iw=aF,A

Regarding metabolite S.,; (extracellular glutamate), only the intracellular glutamate
(S) has the potential to positively impact the increase in S,,; concentration, as it can only
be transported to the exterior of the cell. The concentrations of metabolites S, X, and
A at the previous time lead to a decrease in the concentration of S.,;. This can also be
corroborated from the metabolic graph (Figure 6.2) and from the mechanistic model (Eq.
6.6):

dSext . ,uX

Yo (6.6)
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Figure 6.4: Architecture of the metabolic graph neural network for the oxidative stress
metabolic network.

Table 6.1: Comparison of the Metabolic Neural Network model (MGNN) and the fully
connected neural network (FCNN).

MGNN FCNN
MSE in the training dataset 3.6157e-04  8.2261e-05
MSE in the testing dataset 4.1534e-04  1.379e-01
Number of parameters 575 2247
Overfitting problem No Yes

Furthermore, the mechanistic model ODE (Eq. 6.7) confirms that the metabolites X,
S, and A have positive impact and metabolite S at the previous time has a negative impact

on the change of S.

% = —FyA — FpA+ aA(Sexr — S) — S (6.7)

An interesting application of the MGNN model is for fault detection. To assess this
capability, a change (fault) was intentionally introduced into the media (Se,;) during the
time interval ¢ = [20, 26] by increasing the concentration of this metabolite by 10. Based
on an online fluorescence probe currently available in our lab, we assumed that the con-
centrations of biomass (X) and extracellular NADPH (A.,;) can be measured online. The
MGNN model, initialized with the same conditions as normal batches, was simulated while
forcing the predicted values of biomass (X) and extracellular NADPH (A.,;) to be equal to

the measured values. Using the contribution plots’ algorithms developed in [Aghaee et al.,
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Figure 6.5: Comparison of the predicted concentrations of metabolites over time in a
training batch using the developed fully connected neural network with the mechanistic
model.
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Figure 6.6: Comparison of the predicted concentrations of metabolites over time in a testing
batch using the developed fully connected neural network with the mechanistic model.
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Figure 6.7: Comparison of the predicted concentrations of metabolites over time in a
testing batch using the developed Metabolic Graph Neural Network (MGNN) with the
mechanistic model.
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Figure 6.8: The relevance of metabolites at the previous time to the change of metabolites
at the current time using the MGNN model.
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2023], the difference between the response of the MGNN model for the faulty batch and
the average response for normal batches was back-propagated through the MGNN model
to determine the contribution of different metabolites, as illustrated in Figure 6.10. These
plots clearly show the detection of the change in nutrient concentration and its impact on

the other metabolites.

6.4 Conclusion

This study proposes a novel Metabolic Graph Neural Network (MGNN) as a modelling
tool for simulating the dynamic behavior of metabolites within a metabolic network. By
incorporating prior knowledge of metabolic graph pathways, a neural network model with
a significantly lower number of parameters is obtained thus leading to less over-fitting of
data as compared to a fully connected NN that does not use prior metabolism knowledge.

The developed MGNN model results in significantly better accuracy as compared to the
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Figure 6.10: The contribution of different metabolites to detect the imposed fault in the
media (Sez) in ¢ = [20,26] compared to their contributions in normal media.

fully connected in terms of the mean square errors.

Furthermore, the MGNN model is highly explainable since it comprises multiple sub-
neural network models, each representing the dynamics of a specific metabolite. In contrast,

the fully connected neural network model cannot be physically interpreted.

Moreover, the methodology can be used to generate a relevance matrix that reveals the
influence of different metabolites on the change of a specific metabolite. The relevance ma-
trix correctly predicts (positive or negative) the correlations among metabolites as verified
by the mechanistic model that was used to generate the in silico data and by the metabolic
graph associated with oxidative stress phenomena. The derivation of MGNN is found to be
significantly faster than the development of a mechanistic model since the MGNN. While
the mechanistic model requires a priori decisions regarding the kinetic expressions relating
different metabolites, the MGNN does not require such a priori assumptions regarding the
forms of the nonlinear kinetic terms relating the metabolites thus simplifying the devel-
opment of the model. The proposed model is also shown to be useful for fault detection

applications.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

This thesis proposes new approaches for the application of deep learning algorithms in
chemical engineering with emphasis on bio-pharmaceutical processes. Different aspects of
unsupervised learning based monitoring were tackled including diagnosis of process faults,

detection with dynamic data and use of hybrid models to reduce over-fitting.

In Chapter 3, we investigated the effectiveness of three fault detection (FD) meth-
ods: Multiway Principal Component Analysis (MPCA), Multiway Partial Least Squares
(MPLS), and Multiway Partial Least Squares Autoencoder (MPLS-AE) when applied to
the Industrial Penicillin Simulator (IndPenSim). Our analysis primarily focused on com-
paring the fault detection rate (FDR) of these methods with varying control limits and
objective functions for optimal hyper-parameter selection. The results demonstrated that
MPLS generally outperformed MPCA in terms of FDR accuracy, both with static and
dynamic control limits. Specifically, MPLS achieved an FDR of 78.26% with static limits
compared to MPCA’s 75.48%, and with dynamic limits, MPLS attained 84.09% versus
MPCA’s 83.20%.
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The superiority of MPLS over MPCA can be attributed to the inclusion of the fermen-
tation time as an indicative output variable, which resulted in a lower number of significant
latent vectors and higher FDR accuracy. Furthermore, the use of dynamic control limits
significantly improved FDR accuracy for both methods due to the increased ability to
capture model nonlinearity and process variations over time. The FDR improvements ob-
served with dynamic limits were significant (83.20% for MPCA and 84.09% for MPLS), as

compared to the results obtained with static limits.

The use of a novel objective function that is directly oriented to the fault detection task,
JMPCA=MPLS,FDR - fyrther enhanced the fault detection capabilities of both MPCA and
MPLS models. The application of this objective function led to a considerable reduction
in the number of principal components (nPCs) required, minimizing overfitting and im-
proving FDR accuracy. For instance, using the novel objective function with static control
limits, both MPCA and MPLS required only 2 PCs to achieve 81.83% and 81.99% FDR,
respectively. It was shown that the models that were trained based on the traditional loss
function required more PCs and resulted in lower FDRs thus highlighting the efficacy of

our proposed objective function in optimizing model performance.

The best results were obtained with the MPLS-AE model, which combines the strengths
of MPLS and Autoencoders to handle nonlinearities more effectively. The MPLS-AE model
with the novel objective function and dynamic control limits achieved the highest FDR
of 88.64%. This illustrates the potential of deep learning architectures in enhancing fault
detection systems. Overall, our findings indicate that MPLS and its deep learning vari-
ant MPLS-AE, particularly when combined with dynamic control limits and a detection
oriented objective function, offer superior fault detection capabilities in industrial process

monitoring applications.

In Chapter 4, two LSTM-AE models were trained and evaluated for monitoring pro-
cesses in two distinct case studies: IndPenSim and Sanofi. Following the results of the

previous chapter, the models were optimized based on two criteria: minimizing MSE and
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maximizing a detection oriented F'DR. The results demonstrated significant improvements
in fault detection accuracy when using LSTM-AE models compared to traditional DPCA
and previously developed AE models.

In the IndPenSim case study, the LSTM-AE model that was trained to maximize FDR
achieved the highest fault detection rate, with a very high FDR of 93.86% on the test
data set, outperforming both the DPCA model and the static AE model from previous
research. This improvement highlights the advantage of capturing dynamic process be-
haviors. Contribution plots further validated the algorithm’s ability in identifying relevant

variables for each fault, enhancing the interpretability and diagnostic capabilities of the
LSTM-AE approach.

The Sanofi case study presented additional challenges, such as lack of knowledge of
faults that are available in simulators’ studies and undefined regions of normal opera-
tion. Despite these challenges, the LSTM-AE models effectively identified low productivity
batches, demonstrating the model’s robustness in semi-supervised settings. The LSTM-AE
model trained to maximize FDR correctly identified 86.05% of low-productivity batches
as abnormal, confirming the critical impact of the fermentation step viz a viz downstream
steps on overall process productivity. The significant correlation between the Kjeldahl pro-
ductivity measure and the average violation of process monitoring metrics (D,) underscores
the model’s ability to provide early fault detection, opening the possibility for implement-
ing corrective actions.Overall, the findings emphasize the superiority of LSTM-AE models

in fault detection and process monitoring, particularly when dynamic behaviors are crucial.

The methodology was further tested on Sanofi’s lab-scale diphtheria process. The pro-
duction of the diphtheria vaccine involves a meticulously controlled batch fermentation
process. Despite Sanofi’s efforts, variability in final productivity, measured by LF (Lateral
Flow) antigen measurement, presented a significant challenge. Based on 11 process vari-
ables and the use of a multi-layer autoencoder (AE) model, the methodology demonstrated

a high sensitivity in identifying low productivity batches. As illustrated in the study, the
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AE model, combined with the novel cumulative D, metric, effectively differentiated be-
tween high productivity (normal) and low productivity (faulty) batches. Being based on
a cumulative record of statistical bound violations, the D, metric provided a precise and
timely indication of process deviations. The results indicated a consistent D, accuracy
between the training and validation datasets, with heightened performance in the test-
ing dataset, underscoring the model’s robustness. The monitoring metrics, H? and SPE,
along with their upper control limits, facilitated the identification of deviations and poten-
tial faults, ensuring that the production process remained within acceptable operational

conditions.

Chapter 5 presents a comparative analysis of non-hybrid and hybrid LSTM-AE mod-
els for process monitoring in two case studies: IndPenSim and the Tennessee Eastman
(TE) process. The hybrid model is made of a combination of an empirical component
corresponding to an LSTM-AE and the exact controllers’ equations as the mechanistic
component. Three different process monitoring methods were evaluated: a non-hybrid
LSTM-AE model (Method 1), a hybrid LSTM-AE model with H? and SPFE monitoring
metrics (Method 2), and a hybrid LSTM-AE model with H? and SPE*9merted monitor-
ing metrics (Method 3). While the SPE loss involves only the reconstruction error of
the LSTM-AE, the SPE®9mented |ogs is comprised of both the reconstruction errors in the
LSTM-AE and the reconstruction errors between the measured and predicted manipulated
variables (control actions) with the controllers’ equations. The results demonstrate that
the hybrid LSTM-AE model incorporating H? and SP E®9mented (Method 3) consistently
outperforms the other methods in terms of balanced accuracy, sensitivity, and specificity
in both case studies. Specifically, Method 3 achieved a balanced accuracy of 82.93% in the
IndPenSim case study and demonstrated superior fault detection capabilities in the TE
process, particularly for faults IDV (4), IDV (7), IDV (24), and IDV (27).

In the IndPenSim case study, Method 3 also showed significant improvements in de-

tecting faults 3, 4, and 5, with enhancements in sensitivity of over 13%, 43%, and 3%,

146



respectively. The reduction in model parameters from 2800 in the non-hybrid LSTM-AE
to 2922 in the hybrid model further underscores the efficiency of the hybrid approach,
reducing the risk of overfitting and the need for extensive training data and computational

resources.

For the TE process, the hybrid LSTM-AE model with SPE®9mented oxhibited sig-
nificant improvements in sensitivity accuracy, particularly for fault scenarios involving

substantial process disturbances.

Chapter 6 demonstrates the efficacy of the Metabolic Graph Neural Network (MGNN)
model in predicting metabolites’ concentrations over time under oxidative stress conditions
in the fermentation of Bordetella pertussis. By comparing the MGNN model with a fully
connected neural network, we have illustrated the superior performance of the MGNN
in mitigating overfitting issues and providing more accurate predictions on testing data.
The detailed examination of the hyperparameter tuning, achieved through Python’s Keras-

tuner, underscores the robustness of the MGNN'’s architecture.

The MGNN model’s ability to interpret and quantify the influence of each metabolite
on others is a significant advancement, providing a deeper understanding of the metabolic
network’s dynamics. This interpretability is crucial for validating the model’s predictions
against the mechanistic ODE models, as evidenced by the alignment of the MGNN’s results

with the mechanistic equations for various metabolites.

Additionally, the study explores the application of the MGNN model in fault detection.
By introducing a fault in the nutrient concentration and analyzing the model’s response, the
MGNN demonstrated its capability to detect and quantify the impact of such changes. This
ability is crucial for real-time monitoring and control of fermentation processes, potentially

leading to improved process efficiency and product quality.

Overall, the MGNN model presents a promising tool for both predictive modeling and
interpretability in metabolic networks, offering significant advantages over traditional neu-

ral network models. Model calibration with the MGNN approach was found to be much
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simpler as compared to other biochemical modelling approaches currently used. Further-
more, the application of MGNN in fault detection further highlights its potential in in-
dustrial biotechnology applications. Future work could focus on extending this approach
to other larger metabolic networks and integrating real-time data for continuous process

monitoring and optimization.

7.2 Future Work

The research presented in this thesis has demonstrated the potential of deep learning al-
gorithms in enhancing process monitoring, fault diagnosis, and modeling within the phar-
maceutical industry. However, the presented approaches have also opened several avenues

for further investigation. The following outlines some potential directions for future work:

1. Transfer Learning for Cross-Process Applications:
Investigate the use of transfer learning techniques to apply models trained on one
pharmaceutical process, e.g. MGNN, to other processes or products. This could en-
hance the versatility and applicability of the developed methodologies across different

production lines.

2. Incorporation of Advanced Process Control (APC) Strategies:
Explore the integration of advanced process control strategies with deep learning
models. This could involve developing hybrid frameworks that combine APC tech-
niques with LSTM-AE and MGNN models to optimize both process monitoring and

control actions in real-time.

3. Enhancement of Interpretability and Explainability:
Develop methods to enhance the interpretability and explainability of deep learning
models, particularly in the context of fault diagnosis and metabolic pathway anal-

ysis. This could include creating more advanced contribution plots and leveraging
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explainable Al techniques. This could further help industry to identify the sources

of faults, e.g. deviations in media composition.

. Expansion to Multi-Omics Data:

Extend the application of deep learning models to incorporate multi-omics data (e.g.,
genomics, proteomics, and metabolomics) for a more comprehensive understanding
of biopharmaceutical processes. This would require the development of multi-modal

deep learning architectures capable of handling diverse data types.

. Robustness to Unseen Faults and Anomalies using Generative Adversarial
Networks (GANs):

Investigate methods to enhance the robustness of fault detection models to detect
unseen faults and anomalies. This involves developing techniques for anomaly detec-
tion in high-dimensional spaces and exploring the use of GANSs to generate synthetic
process data for training and testing fault detection models. GANs can be used to
create realistic fault scenarios, augmenting the available data and improving model
robustness. Additionally, GANs can simulate rare fault conditions that may not be

present in historical data, providing a comprehensive approach to fault simulation.

. Extension to Continuous Processes:

While the current research focuses on batch processes, future work could extend these
methodologies to continuous processes, which are increasingly prevalent in the phar-
maceutical industry. This would involve adapting the models to handle continuous

data flows and different process dynamics.

. Application of Transformer Architectures:

Investigate the application of transformer architectures for process monitoring and
fault diagnosis. Transformers, known for their capability to handle sequential data,
could be used to model long-term dependencies and improve the accuracy of fault

detection in dynamic pharmaceutical processes. Their suitability for parallel com-
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putation and for capturing global context could lead to significant advancements in

process monitoring.

. Adding of Measurements for Important Process Variables: In process moni-
toring and fault detection within pharmaceutical processes, improving accuracy may
not necessarily require increasing the complexity of the machine learning architec-
tures. Limitations in accuracy may arise due to lack of sufficiently informative data
about process productivity. For example, incorporating online productivity indica-
tors or measuring critical biochemical markers such as reactive oxygen species (ROS)
can significantly enhance the model’s ability to detect anomalies and faults. These
additional data points capture essential process dynamics and early indicators of po-
tential issues, allowing for more accurate and timely fault detection. By enriching the
dataset with such relevant variables, it may be possible to achieve higher accuracy

and robustness in process monitoring.

. Integration with Digital Twins:

Explore the integration of deep learning models with digital twins of pharmaceutical
processes. Digital twins provide a virtual representation of the physical process, and
combining them with advanced monitoring and fault diagnosis models could lead to

more predictive and proactive process management and maintenance.
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