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Abstract 

Batch processes are widely used in industrial sectors that produce high-value products due to 

their ease of setup and operational flexibility. Although they are effective for the manufacturing 

of relatively small amounts of high value-added products, controlling them to maintain 

consistently high product quality is more challenging than in continuous processing. 

Additionally, quality control is usually performed only at the end of a batch, which further 

complicates quality assurance. The advancements brought about by Industry 4.0 have enabled 

the monitoring of numerous process variables. However, observing just one variable at a time 

can overwhelm the process supervisor with information. Multivariate statistical methodologies 

can alleviate this issue by reducing the complexity of the problem while handling noise, 

multicollinearity, and missing data. The aim of this PhD project is to develop multivariate 

statistical methodologies that allow to transfer into the industrial practice the Industry 4.0 

approach for batch process monitoring. Within this dissertation, process monitoring is intended 

with a twofold meaning. On the one hand, process monitoring is required to early detect batches 

with an off-spec end-point product quality with the aim of minimizing the amount of produced 

off-spec batches. On the other hand, process monitoring is carried out for detecting anomalies 

in the process operating conditions, with the aim of troubleshooting the process, even if the 

end-point product is on specification.  

First, a conventional data analytics technique is coupled to engineering knowledge for 

troubleshooting a semi-batch industrial process that is a bottleneck for the downstream sections. 

Data analytics is found decisive to identify an anomaly in the reactor safety interlock system 

that caused an increase in the time duration of batches in certain conditions. The interlock 

system is reconfigured and it is assessed that the intervention resulted in a 29% reduction in 

batch length, an 8%  overall cycle time reduction and an 11%  reduction in nitrogen 

consumption, entailing significant energy savings. The development of the data analytics model 

for this case study highlighted how batch alignment is an important and complex preprocessing 

step affecting the performance of the analysis. This finding was instrumental for developing 

techniques allowing the practitioner to easily carry out this step and completely avoiding it if 

not strictly necessary. In fact, artificial reduction of all batches to a common length (i.e., batch 

alignment) is usually carried out by trial and error, it is time consuming and it requires prior 

process knowledge.  

A novel methodology for carrying out batch alignment in an automated manner is therefore 

developed. This methodology aims at preprocessing data for maximizing the performance of 

the model under development thanks to a surrogate optimization framework. The proposed 

method is completely process-agnostic, which enhances applicability to complex batch 
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processes. Also, in terms of computational times, it scales favorably with the calibration dataset 

size, and it is robust to normal variability in the data and to the size of the calibration dataset. 

An industrial fed-batch process for the manufacturing of a specialty chemical, and a simulated 

fed-batch process for the manufacturing of penicillin are used as test beds, and demonstrate that 

the proposed methodology has a superior performance than models built using other 

synchronization strategies. 

When process monitoring is carried out with the aim of detecting anomalies in the process 

operating conditions one can use a methodology that does not need batch alignment, namely 

the assumption-free monitoring methodology proposed a few years ago in the literature. 

However, effective implementation of this methodology is challenging due to the lack of 

sufficient documentation and of a clear fault detection and diagnosis procedure. Hence, a set of 

detailed guidelines enabling the direct implementation of the methodology is developed 

together with a novel procedure for fault detection and diagnosis within this monitoring 

approach. Five datasets comprising batch processes from different industrial sectors are used 

for testing the methodology implemented according to the proposed guidelines, and proved that 

the proposed approach outperforms traditional process monitoring methodologies. 

In conclusion, with this Dissertation an example of how process monitoring techniques are 

useful for improving the performance of industrial processes is provided, returning tangible 

results from an industrial point of view. The technique developed for automating phase partition 

and batch alignment performed better than other traditional and advanced techniques showing 

great potential for aiding the practitioner at developing models for end-point quality estimation 

without the need for prior process knowledge. Finally, the developed guidelines for the 

implementation of the assumption-free methodology proved to result in highly effective process 

monitoring schemes for operating conditions anomaly detection and diagnosis that can be 

implemented by the practitioner in a straightforward manner, overcoming the existing 

ambiguity and lack of information. 
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Chapter 1 

Motivation and literature review 

The objective of this chapter is to provide the motivation of this Dissertation and the necessary 

background. The Industry 4.0 initiative is described and its impact on the chemical process 

industry is pointed out: furthermore, forecasts about how Industry 4.0 will impact the industry 

in the future are provided. Facts and figures about the specialty chemicals industry are then 

provided, the main features of the manufacturing of specialty chemicals are described and 

challenges and issues are pointed out. The industry critical task of process monitoring and how 

statistical process monitoring is enabling effective process monitoring based on process 

historical data is discussed, with a particular focus on batch process monitoring. Finally, the 

objectives of the research carried out in this project are provided together with a roadmap to 

guide the reader through the chapters composing this Dissertation. 

1.1  Industry 4.0 in the process industry 

“Industrie 4.0” (translated in English as “Industry 4.0”) is a term originated from a German 

government initiative started in 2011 with the goal of improving the global competitiveness of 

the German manufacturing industry (Smit et al., 2016).The term spread globally and it is now 

a worldwide adopted concept concerning “smart” and connected production systems designed 

to sense, predict and interact with the physical world in order to aid decision-making for real-

time production support (Sirimanne, 2022). 

The concept of Industry 4.0 refers to the fourth industrial revolution, after: 

• the first industrial revolution begun at the end of the 18th century with the introduction 

of mechanical production plants based on water and steam power; 

• the second industrial revolution started at the beginning of the 20th century with the 

symbol of mass labor production based on electrical energy; 

• the third industrial revolution began in the 1970s with the first wave of automation based 

on electronic and internet technology. 

The need for a fourth industrial revolution was triggered by several changes in the market and 

in the environment in which modern industrial companies operate. In particular the companies 

are required to (Lasi et al., 2014):  

• exhibit a high innovation capability by shortening the products time-to-market; 
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• being able to customize their products to their buyers’ needs as the market has become 

more buyers driven; 

• increase their flexibility in product development and production; 

• become more efficient as raw materials and energy shortages and the related increases 

of prices have become more frequent. Furthermore, a higher social sensibility to 

ecological aspects requires a more intensive focus on sustainability. 

The fourth industrial revolution is on-going thanks to the introduction of the smart factory 

concept, in which all objects are equipped with integrated processing and communication 

capabilities organized in so-called cyber physical systems (Lu, 2017), integrating both 

equipment and people in such a way that the individual skills and talents of everyone can be 

fully realized (Zheng et al., 2018). 

The core advantage of adopting the Industry 4.0 smart factory paradigm is that it is able to 

collect, distribute and integrate information of diverse nature dispersed across the supply chain 

and use it for enhancing safety, productivity and efficiency together with increasing the 

organizations sustainability and increasing the quality of products at the same time (Furstenau 

et al., 2020; Reis and Kenett, 2018). Furthermore, studies suggest that the organizations 

environmental impact reduction thanks to Industry 4.0 can be quite significant (Oláh et al., 

2020). For these reasons, Industry 4.0 is considered to be a framework able to push the 

technological advancements required especially by certain industrial sectors for being able to 

comply to the increasingly stringent regulatory environment in terms of safety, efficiency and 

sustainability (Shang and You, 2019). 

The boost in industrial performance through the application Industry 4.0 framework requires 

the development and the deployment of a synergistic combination of three factors (also called 

“key enablers”): data, technology and analytics (Reis and Gins, 2017). 

The computational and data storage capabilities of a modern process plant allow it to log more 

than 90,000 tags at any time (Chiang et al., 2022). The change occurred in the amount of 

registered data influenced not only the number of the variables, but also the nature of the 

registered data. In fact, a wide variety of sensor types is able to provide chemical signals (e.g. 

spectra), physical signals (e.g. pressures, temperatures, flows), images, sounds and so on 

(Ferrer, 2020). 

It is forecasted that Industry 4.0 will continue to influence the industrial development over the 

next 10 years thanks to a number of emerging technologies. In particular, an even increased 

speed in the network connections thanks to new networking technologies should allow even 

larger amounts of data to be transferred from the equipment to data storage facilities, where 

these data are used to enable through machine learning approaches self-learning capability, thus 

extreme flexibility, of the smart factory, guaranteeing robust production, high occupational 

safety, energy efficiency and a high degree of resource conservation, together with the ability 

to respond quickly to market volatility through a revolutionized approach to production 
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planning. The effectiveness of this approach is further increased by integrating industry 

requirements for data transparency, reliability and trustworthiness (Kagermann and Wahlster, 

2022). The development of analytics techniques able to cope with the characteristics of data 

originated in an Industry 4.0 framework will be paramount to enable better decision making, 

thus, boost industrial performance. 

1.2 Specialty chemicals and polymer additives 

In the chemical process industry, raw materials are converted into products using energy, for 

other industries and consumers. Around the 85% of the total production is taken by a limited 

number (about 20) of simple chemicals called base chemicals. The conversion of base 

chemicals produce around 300 intermediates. Both base chemicals and intermediates are 

classified as bulk chemicals (Moulijn et al., 2014). The specialty chemicals (also called 

“performance chemicals” or “specialties”) segment of the chemical process industry consists 

of businesses that convert intermediates into active ingredients for use in end products (Bonvin 

et al., 2006). With each of the abovementioned steps, the complexity of the molecules becomes 

larger and the added value of the chemicals becomes larger. 

Specialties can be either single molecules or formulations that influence the performance of the 

end product (American Chemistry Council, 2022). Unlike commodity chemicals, that may have 

a wide array of different applications, a specialty only has one or two core applications 

(SOCMA, 2023). Examples of specialty chemicals include polymer additives, adhesives and 

sealants, catalysts, coatings, electronic chemicals, cleaners, water management chemicals 

(American Chemistry Council, 2022). Specialty chemicals are instrumental in our everyday life 

and are instrumental in producing many of the foods we eat, medicines we take and the clothes 

we wear (Guisinger and Ghorashi, 2004). 

Despite being hit by unprecedented challenges, such as COVID-19 and the Russo-Ukrainian 

war (McKinsey, 2020; OECD, 2022), the economic outlook of the global specialty chemicals 

market is positive, with a moderate forecasted growth from 738.23B$ in 2022 to 998.94B$ in 

2028, with an average compound annual growth rate (CAGR) of 5% (BusinessWire, 2023), 

although the global chemical market is expected to be weakening in all countries (BASF, 2022). 

Although being produced in low volumes by definition, specialty chemicals represented 28% 

of the European chemicals market share in 2021, exhibiting a moderate increase of its share 

from the 26% recorded in 2010 (Cefic, 2023). 

Polymer additives are a relevant subset of specialty chemicals used to aid or facilitate polymer 

processing or to enhance, extend or modify the final properties of polymer products, some of 

these additives include UV absorbers, antioxidants, blowing agents, plasticizers, lubricants, 

flame retardants. Polymer additives are used in many industrial sectors, such as automotive, 

building and construction, electronics, packaging. 
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Although representing a small portion of a customer’s total cost, specialty chemicals, such as 

polymer additives, are essential to the productivity and the performance of a product (Allen and 

Edge, 2021a, 2021b). 

1.3 Features of the production of specialty chemicals 

Specialty chemicals are high value-added, low volume products. One of their most important 

features is the existence of a great variety of specialties, with new products continuously 

emerging. Often, significant fluctuations in the demand exist. 

These characteristics of specialties make the construction of plants dedicated to single products 

costly. Hence, usually specialty chemicals are produced in multiproduct or multipurpose plants 

where multiple products are produced using the same pieces of equipment, usually in batch or 

semi-batch operating mode (Moulijn et al., 2014). 

Batch processes are characterized by the cyclic repetition of a recipe, i.e., a sequence of 

elementary finite duration processing steps (such as: charge, heat up, stir, react, cool down, 

hold, discharge). A set of operating conditions characterizes each of the processing steps and is 

typically triggered by the occurrence of events (e.g., enough reactant has been loaded, a certain 

temperature value is reached, agitator torque exceeds a threshold). 

Batch processes play a dominating role over other production modes (e.g. continuous) in the 

production of specialty chemicals due to the following desirable characteristics (Rato et al., 

2016): 

• operational flexibility; 

• production scalability; 

• ease of setup and operations. 

Specialty chemicals are produced in plants composed of a complex interconnected network of 

batch process units: many of these units can be used both for their main scope, but also as buffer 

tanks in case the downstream units are busy with the manufacturing of previously produced 

batches. Batch processes can be operated easily and with flexibility, and due to these 

characteristics, they are usually preferred when processes with complex chemistry are involved, 

such as it is usually the case with specialty chemicals, and with limited mechanistic knowledge 

of the process. 

This set of advantages in adopting the batch manufacturing mode comes at a cost. Adjusting 

the length of processing steps is an approach to accommodate variability in the raw materials, 

operating conditions, status of the equipment and of the utilities. However, if the length of such 

steps is increased, it may reduce the overall productivity of the process. Furthermore, 

maintaining a batch process in the right operating conditions for a longer amount of time may 

require a larger use of utilities, reducing the efficiency of the process itself. As the time required 
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for producing each batch may vary, planning and scheduling is more complex and may lead to 

challenges in meeting delivery deadlines and managing inventory levels effectively. 

Product quality is usually measured only at the end of the batch on the end-product, making it 

harder to introduce appropriate corrections to the recipe in a timely manner, in order to obtain 

on-spec products. 

Proper monitoring and control schemes need to be deployed in order to mitigate the risks 

induced by the larger variability allowed to enter the process in batch processing (Rendall et 

al., 2019). 

1.4 Statistical process monitoring in the process industry 

In recent years, the process control discipline made huge progresses with the advent of 

computer control of complex processes. Regulatory control (i.e. opening and closing valves), a 

task that used to be carried out by human operators, is now routinely performed automatically 

with the aid of computers. 

However, higher level control tasks, remain largely a manual activity performed by human 

operators (Venkatasubramanian et al., 2003a). The most important of such tasks is detecting, 

diagnosing and responding to abnormal events (also called faults) in a process, or, stated in a 

more concise manner, process monitoring (MacGregor and Cinar, 2012). The number of 

process variables observed every few seconds in a modern production plant may lead human 

process supervisors to information overload if observed separately. Furthermore, the process 

measurement may be insufficient, incomplete and unreliable due to a variety of causes such as 

sensor failures. In such a complex environment human operators tend to make erroneous 

decisions and take wrong actions. Industrial statistics show that human errors are the main cause 

of industrial accidents. Process monitoring technology has been developed for assisting 

operators in ensuring product quality and safe operations (Ji and Sun, 2022). 

Process monitoring consists of four activities (Chiang et al., 2001): 

• fault detection; 

• fault identification; 

• fault diagnosis; 

• process recovery. 

There is no standard terminology for these procedures because they vary across disciplines, 

hence in this Dissertation we will use the terminology described in the remainder of the current 

Section (Raich and Çinar, 1996).  

Fault detection consists in determining whether a fault has happened. In particular, detecting 

faults in a timely manner may provide useful information enabling to take action to avoid 

serious process upsets or accidents. Fault identification consists in identifying the observed 

variable most relevant to diagnosing the fault. The purpose of this step is to identify the plant 
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section that is most pertinent to the observed fault, so that the effect (or the cause) of the fault 

can be eliminated. Fault diagnosis consists in assessing the type, location, magnitude and time 

of the fault. At last, process recovery (or intervention) consists in removing the effect of the 

fault. In a process monitoring scheme either all or a subset of these 4 procedures can be 

implemented. Furthermore, it is not needed to automate all four procedures, as they are intended 

to support plant engineers and operator to recover normal operating conditions (NOC). 

In order to be able to detect deviations from the NOC, a model representing such conditions 

must be developed. Although the typical process modelling approach in the chemical and 

process engineering context is based upon first-principles knowledge on the process, this 

approach is usually expensive and time consuming, and may require extensive experimental 

effort. On the other hand, thanks to process digitalization, the wide availability of process data 

rendered possible to use empirical (or data-driven) models for the study of process systems 

(Venkatasubramanian et al., 2003b). This approach is particularly useful in cases where first-

principles knowledge on the system is scarce, which often happens in the production of 

specialty chemicals. Industrial data are often characterized by a high dimensionality and are 

often affected by spatial and serial correlation, multicollinearity, noise and the presence of 

missing data. Multivariate statistical models, in particular latent variable modelling 

methodologies such as the principal component analysis (PCA; Jackson, 1991), the projection 

onto latent structures (PLS; Geladi and Kowalski, 1986) and its extension for classification 

problems, projection to latent structures – discriminant analysis (PLS-DA, Barker and Rayens, 

2003) are convenient frameworks for process modelling in this context, as they summarize the 

physico-chemical phenomena underlying a process with a reduced number of latent variables 

(LVs), handling multicollinearity, noise and missing data and extracting hidden information in 

the correlation pattern between process variables altogether (Eriksson et al., 2006). 

Both PCA and PLS(-DA) are concerned with representing the correlation structure of the data 

through linear combinations of the original variables. However, PCA is used when a single 

block of data is analyzed (e.g. process data), while PLS(-DA) is the methodology adopted when 

the relationship between process and quality data needs to be investigated (Wold et al., 2001). 

Once the statistical characteristics of the NOC batches are captured by a latent variable model, 

limit sensing and discrepancy detection are deployed, calculating statistical limits on the 

multivariate Hotelling’s 𝑇2 statistic and the 𝑄-statistic for fault detection. These two statistics 

give an overall account of abnormal situations in a complementary manner (Qin, 2012), the 

former describes the distance of an observation from the NOC conditions, while the latter 

describes how accurately the observation is described by the model itself, further information 

on this topic will be given in Chapter 3. 
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1.4.1 Multivariate statistical process monitoring for batch processes 

Developing proper techniques for batch process monitoring is important both to achieve a 

consistent product quality from the batch process itself, and for running the process in safe and 

controlled conditions (Chiang et al., 2006). Modelling batch processes however is a very 

challenging task due to various factors: their duration is finite and variable, their nonlinear and 

irreversible behaviour, lack of mechanistic and fundamental models, sensor inaccuracy, 

existence of constraints; unmeasured disturbances. 

The data collected online from batch processes are multivariate in nature, but are also affected 

by nonlinearity, auto and cross-correlation. Furthermore, they are time varying, for this reason 

along the two dimensions of data usually considered in continuous processes (observations and 

variables), a third dimension must be considered for batch processes: time. 

Thus, the data collected from a batch process can be collected in a 3 dimensional tensor with 

batch runs on the first dimension, process variables on the second dimension and time on the 

third dimension (Kourti, 2003). 

A variety of methodologies have been proposed for batch process monitoring, however, the 

selection of the best methodology for a given application is often an ill-posed problem that 

practitioners must face. These methodologies can be classified into three main classes, in order 

of complexity, each with advantages and disadvantages (Rendall et al., 2019): 

• feature-oriented methods; 

• linear time-resolved methods; 

• nonlinear time-resolved methods. 

In the following subsection each category will be described together with its advantages and 

disadvantages. 

1.4.1.1 Feature-oriented methods 

Feature-oriented methods are based upon transforming batch profiles into a set of features 

capturing monitoring-relevant characteristics of the process variables trajectories. The 

underlying principle of such methods is borrowed from classical pattern recognition analysis, 

and it consists in finding a transformation from the measurement space to the feature space, 

where the identified feature space contains all the necessary information to successfully conduct 

the process monitoring task. In literature, different classes of features have been proposed: 

simple descriptive features for the batch variables (e.g. maximum, minimum, phase duration), 

statistical features (e.g. mean, covariance, skewness, kurtosis), features based on wavelet 

decomposition (Rendall et al., 2017a). 

The main disadvantage of feature-oriented methods is that they have been only applied in an 

offline manner, since feature can be computed only when the whole variable time trajectories 

are known (Rendall et al., 2017b). 
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1.4.1.2 Linear time-resolved methods 

Linear time resolved methods are a step up in the complexity scale with respect to feature-

oriented methods. Their advantage is that they maintain time resolution, i.e., they can inherently 

describe not only if a fault occurred, but also when the fault occurred, at the cost of a relevant 

increase of the model parameters with respect to feature-based models. 

One approach to linear time resolved methods is to model the 3 dimensional tensor of batch 

process data directly, such as in PARAFAC, PARAFAC2 and Tucker3 methods (Louwerse and 

Smilde, 2000), the main disadvantage of the application of these methodologies is that the 

algorithms calculating the model are often inefficient and their computational burden is high. 

Furthermore, they tend to be sensitive to noise (Amigo et al., 2008; Tian et al., 2018). 

Other approaches based on the multiway versions of PCA and PLS consider the 2-way 

unfolding of the batch data tensor. 

Unfolding the batch data tensor along the batches direction gives place to the so-called batch-

wise unfolding (BWU; Nomikos and MacGregor, 1995). This method captures the dynamics 

of the process, summarizing the information of the data with respect both to variables and their 

time variation, while the major nonlinearities in the process data can be removed by subtracting 

the average trajectory from each variable (Nomikos and MacGregor, 1994). Furthermore, BWU 

is the most logical method for modelling differences among batches, especially in the common 

situation where a single quality measurement at the end of the batch is available for each batch 

(Golshan et al., 2010). 

Although being an effective method for a batch-to-batch monitoring strategy, it has some 

relevant drawbacks that need to be managed. In order to use BWU MPCA and BWU MPLS(-

DA) for batch monitoring, the entire history of a batch should be available while monitoring a 

batch in real time in order to be able to complete the 2-dimensional batch data matrix. 

This aspect can be solved by imputing the future history of a batch (Nomikos and MacGregor, 

1995a), assuming that the BWU methodology works appropriately if at least 10% of the batch 

evolution is known. Furthermore, a crucial aspect when using BWU MPCA and BWU MPLS(-

DA) is that, in order to be applied, batch data need to be aligned, i.e., the time trajectories of all 

batches need to have the same number of time points. In order to achieve this, a wide number 

of methodologies have been proposed in literature, from simply truncating batches to the length 

of the shortest or extending them to the length of the longest (Lakshminarayanan et al., 1996; 

Rothwell et al., 1998), to more advanced methodologies, such as the indicator variable method 

(IV; Nomikos and MacGregor, 1995), to methodologies borrowed from other research fields, 

such as dynamic time warping (Kassidas et al., 1998) and correlation optimized warping 

(Tomasi et al., 2004) and their offspring (José M. González-Martínez et al., 2014). In order to 

render possible to align a batch with some of these techniques, it is needed to partition a batch 

in phases, i.e. time windows wherein the measured variables have similar correlation structure 
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(García-Muñoz et al., 2003), however this task is challenging as phases do not generally 

correspond to events along a batch. 

A different approach consists in unfolding the batch data tensor along the variable direction, 

obtaining the so called variable-wise unfolding (VWU; Wold et al., 1998). 

It is in principle possible to apply the VWU methodology to batch data without batch alignment 

and missing data imputation, however it is crucial to apply some form of alignment in order to 

not only have batch trajectories that are equal in length, but also to synchronize the key events 

defining the normal process pace (González-Martínez et al., 2014). Even though VWU is a 

simpler methodology than BWU for batch processing MSPM, it does not consider the time 

order of the batch samples and it forces the correlation structure to remain constant along the 

entire batch. For these reasons, the standard version of VWU is deemed to have inferior 

performance in batch process monitoring with respect to BWU.  

A methodology overcoming some of the assumptions of both BWU and VWU based MPCA 

and MPLS monitoring techniques is the assumption-free monitoring technique (Westad et al., 

2015). This technique is a methodology that can accommodate uneven batch lengths, unknown 

initial batch (absolute) time, phase changes and uneven residence time by inherently estimating 

the so-called “relative time”, a measurement of progress of the underlying chemical, biological 

and physical phenomena along the process. The estimation is carried out through gridding of a 

portion of the latent variable space and building a common batch trajectory representing the 

NOC. 

1.4.1.3 Nonlinear time-resolved methods 

The higher level of complexity in the methodologies for batch process monitoring is represented 

by nonlinear time-resolved methods. These methodologies are able to describe effectively 

nonlinear relations in the datasets. They are the most flexible among the described methods and 

are often based on kernels mapping samples into high dimensional non-linear spaces where the 

original process variables are implicitly modelled (Rendall et al., 2019). Even though these 

methodologies are more powerful than linear time-resolved methodologies, fault diagnosis is 

rendered difficult by the nonlinear feature extraction performed through the kernel 

transformation (Pilario et al., 2020). 

1.5 Objectives of the research 

Despite a high academic and industrial interest in batch process performance monitoring, not 

only for real-time fault detection and diagnosis, but also for data-driven process optimisation 

through retrospective analysis of process data, its effective implementation in modern industrial 

batch processes is challenging.  



10  Chapter 1 

© 2023 Francesco Sartori, University of Padova (Italy) 

 

The pre-processing of the batch process data is crucial for the successful implementation of a 

data-driven batch process monitoring scheme, but the two most relevant steps, phase 

partitioning and batch alignment, are performed separately and a priori with respect to 

modelling.  

For fault detection and diagnosis, phase partitioning and synchronisation can be avoided by 

using techniques that do not require them, such as the assumption-free monitoring technique. 

However, a challenge for its implementation is the scarcity of available information, and the 

complete lack of certain procedures, such as fault detection and diagnosis. In quality related 

process monitoring, when performing batch endpoint product quality estimation, a 

methodology that avoids phase partitioning and batch alignment has not yet been developed, so 

quality related process monitoring still requires extensive pre-processing, exposing the 

practitioner to the risk of human error in selecting the most appropriate pre-processing 

techniques. 

The objective of this project is the development of Industry 4.0 approaches based upon 

multivariate statistical techniques for batch process monitoring that reduce subjectivity in the 

preprocessing step in the development of batch process monitoring by systematizing and 

automating it, and by developing guidelines and complete existing methodologies for batch 

process monitoring that do not require phase partition and batch alignment. 

The innovative contributions aiming at this objective that can be found in this dissertation are 

the following: 

• Assessment of the benefits of the application of batch process monitoring 

techniques on a real and complex (multi-unit) industrial process, with a particular focus 

on the impact of applying Industry 4.0 monitoring techniques to the manufacturing 

process for the production of speciality chemicals. The focus of the research is to assess 

whether troubleshooting a real industrial process with data-driven modelling techniques 

can improve the performance of the process itself. The use of this modelling approach 

is made possible by the availability of large amounts of data, thanks to advances in 

sensors and data storage capabilities triggered by Industry 4.0. In particular, reducing 

the environmental impact of a process by reducing its consumption of utilities and 

energy can also significantly reduce the operating costs of the process. In addition, it 

will be investigated whether it is possible to achieve a reduction in the process cycle 

time, thus allowing an increase in the productivity of the process itself. 

• Development of automated approaches for batch alignment and phase partition 

for end-point quality estimation. The development of soft sensors and classifiers for 

end-point quality assessment in batch processes is of great importance to reduce the 

burden on the quality control laboratory and at the same time reduce the time required 

to perform laboratory assays to assess end-point product quality. In batch processes, the 

development of such models typically requires the application of complex pre-
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processing, such as batch alignment and phase partitioning, often in a subjective and 

sub-optimal manner, resulting in the development of sub-optimal models. Furthermore, 

the application of existing phase partitioning and batch alignment techniques usually 

requires some process knowledge for their application. The research effort will focus 

on a methodology that allows the practitioner to automatically obtain the batch 

alignment and phase partitioning that maximises the performance of the final model. 

The final objective is to develop a robust phase partitioning methodology based on the 

correlation between process variables, to develop an automated approach for batch 

alignment based on the IV technique, which has proven to be simple and effective, and 

to optimise these steps through the use of a surrogate to improve the computational 

efficiency of the methodology itself. The methodology will be entirely data-driven and 

must not require prior information on the process under investigation to be applied. The 

performance of the developed method with respect to existing advanced batch alignment 

methods will be evaluated both in terms of model loss function and computational 

burden. 

• Development of guidelines for phase partition and batch alignment-free 

methodologies for further reducing the time expense for the development of data-driven 

models for batch process monitoring. The batch alignment step is a time-consuming 

pre-processing step that introduces distortions and artifacts to the process variables time 

trajectories, hence, eliminating the need for carrying it out allows for a quicker and 

improved model development. Currently, a multivariate statistical methodology not 

requiring batch alignment and phase partition has been proposed in the literature. 

Although it attracted industrial interest, as it is implemented in commercial software, it 

did not attract much academic interest. This technique can be applied on time-resolved 

variables, such as time profiles of process variables. The main objective is filling in the 

existing gaps in the information required for model implementation and to develop 

extensive guidelines for the practitioner in order to allow an easy implementation of the 

methodology. The guidelines will be completed by a discussion on the techniques that 

must be adopted for carrying out fault detection and diagnosis through a phase partition 

and batch alignment-free methodology and with the development of novel tools for 

carrying out these activities. The methodology implemented with the proposed 

guidelines will be compared with a traditional process monitoring methodology on 

different case studies for assessing its performance in terms of detection strength and 

speed and in terms of fault diagnosis effectiveness. 

1.5.1 Dissertation roadmap 

The Dissertation is organized following the research objectives illustrated in the previous 

section. A schematic roadmap is shown in Figure 1.1. 
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Figure 1.1: Dissertation roadmap 
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Chapter 2 contains a contextualization of the industrial process in the specialty chemicals sector 

of the chemical process industry where the challenges present in the manufacturing of specialty 

chemicals will be tackled and the process under study will be described. 

In Chapter 3 a brief review of the mathematical tools exploited throughout the Dissertation is 

provided with a particular focus on multivariate statistical methodologies, together with a 

description of the most relevant phase partition and batch alignment methodologies used in data 

preprocessing for batch process monitoring. 

In Chapter 4 the benefits of the application of a process monitoring scheme to a real industrial 

process manufacturing specialty chemicals will be shown. A classical approach to process 

monitoring will be adopted and it will be shown that it is able to improve safety and energy 

efficiency in a process, as well as detecting an unknown and undetected fault worsening the 

productivity of the process. The limitations of using a classical approach will be pointed out. 

In Chapter 5 an automated approach to phase partition and batch alignment is presented for a 

process-agnostic, human error free preprocessing step in batch end-point quality estimation for 

process performance monitoring. 

Chapter 6 provides guidelines for the application of a process monitoring methodology not 

requiring phase partition and batch alignment. The methodology is further completed with 

novel approaches for fault detection and diagnosis in assumption-free monitoring. The 

Dissertation is concluded with final remarks. 
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Chapter 2 

Industrial process for the batch 

manufacturing of polymer additives 

In this Chapter the properties of the final product of the process under investigation, hindered 

amine light stabilizers (HALS), are discussed. A description of the process is provided together 

with a simplified process flow diagram of the overall process and several piping and 

instrumentation diagrams representing the most relevant process units. A description of the 

recipe of the most relevant units is provided together with information on the chemistry of the 

process. After that, a description of the data acquisition process is given and completed by a 

discussion on the properties of the extracted process and product quality data. Eventually, the 

advantages and disadvantages of the application of an Industry 4.0 approach to the production 

of specialty chemicals is delivered. 

2.1 Hindered amine light stabilizers 

Hindered amine light stabilizers (HALS) are a class of polymer additives used to protect 

materials, particularly polymers, from degradation caused by exposure to light (Rabek, 1990). 

Their typical molecular structure is depicted in Figure 2.1. 

HALS, depending on their chemical structure, can exist as liquids or solid powders. HALS 

work by inhibiting the degradation process caused by ultraviolet (UV) radiation. When exposed 

to UV light, polymers can undergo photochemical reactions that lead to chain scission, 

crosslinking or free radical formation, ultimately weakening the material and causing it to lose 

its physical and mechanical properties (Guillet, 1972). 

 
Figure 2.1 Structure of a typical HALS (adapted from Rabek, 1990) 
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HALS act as free radical scavengers, intercepting the harmful free radicals formed during 

photodegradation. By neutralising these radicals, they prevent further degradation reactions, 

extending the life of the material and increasing its stability. One of the key advantages of 

HALS is their ability to act as effective and long-lasting stabilisers. Unlike other light 

stabilisers, they do not undergo significant chemical changes during the stabilisation process, 

allowing them to provide extended protection over time (Carlsson et al., 1984). 

HALS can be incorporated into materials during processing or applied as a surface coating 

(Schaller et al., 2009). They are effective in a variety of polymer materials including 

polyolefins, polyurethanes, PVC and others (Cui et al., 2020; Mousavi-Fakhrabadi et al., 2022). 

2.2 Manufacturing process 

Specialty chemicals are high value-added products often produced through batch processing. 

Batch processes are characterized by the cyclic repetition of processing steps (e.g. reactant 

charge, heating/cooling, reaction, mixing, product discharge) through a so-called recipe. 

The most relevant properties of batch processes are represented by their i) operational 

flexibility; ii) production scalability and iii) ease of setup. 

Operational flexibility is enabled by a combination of factors. Batch processes can be operated 

with minimal supervision when a sufficient degree of automation is implemented in the 

production plant. Furthermore, the recipe can be adjusted to accommodate changes in raw 

materials, state of equipment and utilities. Production scalability is possible since batches are 

treated independently one from the other, hence it is possible to change the number of batches 

produced over time without changing the process, within certain boundaries. Furthermore, 

scale-up is straightforward as batch reactors of any required scale are easily procurable. Due to 

these desirable characteristics, batch process units are usually included in a complex, 

interconnected network of process units as flexibility in the connections between process units 

is required when different products must be produced with the same units. 

A batch process unit can be usually employed both for his main scope (e.g., reaction, separation) 

but also as a buffer tank if downstream units are still busy with the manufacturing of a previous 

batch or for productivity reasons. For quality control reasons, information on product quality is 

required. Usually, a sample for a reduced number of batches is taken at the end of the batch 

from process units for laboratory analysis. However, this is true only for a small number of 

process units that are considered relevant for product quality. As performing laboratory assays 

is usually expensive and time consuming, process units considered less important for product 

quality are operated without control on product quality. Hence, for some intermediate products 

laboratory protocols for quality control have not been developed at all. 

In Figure 2.2 a representation of the process under investigation is shown. Reactants and 

products are designated with a letter for protecting the confidentiality of the industrial data. 
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Figure 2.2 Simplified process flow diagram of the process under investigation 

The manufacturing process starts with reactant A and B loading into Reactor 1, where a semi-

batch process is carried out. Vacuum is applied to the system, and the following liquid-phase, 

thermally activated, exothermic reaction takes place: 

 2A + B → 2C + D   , (2.1) 

where A and B are two different amines, C is an inorganic byproduct. and D is an imine. 

The process carried out in Reactor 1 is highly automated and consists of the following steps: 

1. setup: the system is set up for a new run; 

2. reactant loading: liquid reactants A and B are loaded into Reactor 1 from their respective 

storage tanks in stoichiometric amounts. A small amount of C is also loaded into the 

reactor; the reason for this is to speed up the initial reaction phase. The reactor is heated 

up with low-pressure steam through a jacket, to reach the temperature required to carry 

out the reaction; 

3. reaction: vacuum is applied to the system in two steps: a faster pressure decrease is 

applied first, down to an assigned pressure; then, pressure is further slowly decreased to 

the pressure value required by the reaction. Once the reaction conditions are met, 

byproduct C is released as a vapor, and it is removed from the reactor; 

4. nitrogen blanketing: when the required amount of evaporated water is obtained, vacuum 

is broken, and the reactor is blanketed with nitrogen; 

5. product discharge: reaction product D (liquid) is discharged from Reactor 1 and fed to 

the subsequent processing step. 

The product of Reactor 1 is then fed to Reactor 2 together with a solid catalyst. In Reactor 2 a 

fed-batch process is carried out and the main product P of the process is obtained from the 

following catalytic reaction 

 D + E
Catalyst
→      G  , (2.2) 
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where D is a liquid reactant, E is a gaseous reactant and G is the desired species (a HALS). 

Product P is mainly made of G, traces of unreacted B and C and other subproducts. 

Furthermore, it still contains the solid catalyst. 

The manufacturing recipe for Reactor 2 is complex and it can be summarized by the following 

finite-length operating steps: 

6. Reactor 2 is set up for a new batch. 

7. Reactant B and catalyst are loaded into Reactor 2. 

8. Reactor 2 is blanketed with nitrogen. 

9. Reactant D is fed to Reactor 2 and pressurizes it until an assigned pressure is reached; 

after that, the feed is stopped, and the reaction is allowed to proceed for an assigned 

amount of time. The profile through which B is fed depends on several factors and is 

quite complex, resulting in a very strong variability of this phase. 

10. Reactor 2 is vented. 

11. Reactor 2 is blanketed with nitrogen. 

12. Product P is discharged from Reactor 2 to downstream separations. 

Product P is then fed to a filtration step where the solid catalyst is separated and recycled for a 

definite number of times to Reactor 2, after the maximum number of recycles is reached, the 

catalyst is replaced with fresh catalyst. While the liquid phase is fed first to a continuous section 

of the process, Evaporator 1 where the reactant C that was not removed in Reactor 1 is separated 

from the main product, and then to Evaporator 2 where light byproducts are separated from the 

product, which now respects the specifications required for being fed to subsequent processes 

for the synthesis of HALS light stabilizers. 

2.3 Production plant 

A more detailed process flow diagram for the process described in Section 2.2 is shown in 

Figure 2.3. 

Reactant A is loaded from storage tank T1 (where it is stored after its in-house production) and 

Reactant B is loaded from storage tank T2 (outsourced) into reactor R1 (reactor volume: 

7.5 m3) where reaction 1 process takes place. The product of R1 is then discharged either to T3 

(buffer tank volume: 6 m3) or to T4 (buffer tank volume: 6.7 m3). The batch then can be sent 

in one of 6 multiproduct reactors (R2 to R7): if the batch is stored in buffer tank T3 it is sent 

either to R2 or R3, if it is stored in buffer tank T4 it is sent to R4, R5, R6 or R7. These reactors 

carry out the reaction 2 process. 

R2 and R3 feed one buffer tank, T5 (volume: 7.5 m3), feeding filter F1, while reactors from R4 

to R7 can feed 2 different buffer tanks, T6 (volume: 7.1 m3) or T7 (volume: 14.4 m3) feeding 

filter F2 and F3, respectively. 
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Figure 2.3 Process flow diagram of the process under investigation. 

The filters feed a buffer tank, T8 (volume: 14.4 m3) that is used as the feed for the continuous 

separation section constituted by evaporators E1 and E2. At the end of the plant, the final 

product tank T9 (volume: 100 m3) stores the product of the process. 

 
Figure 2.4 Piping and instrumentation diagram of reactor R1 
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Figure 2.5 Piping and instrumentation diagram of reactor R5 

A detailed piping and instrumentation diagram of reactor R1 and reactor R5 are shown in Figure 

2.4 and Figure 2.5, respectively. 

2.4 Data acquisition 

The data produced in the plant are managed by a distributed control system (DCS) software 

produced by ABB (ABB 800xA). The DCS collects uncompressed data from the connected 

field sensors and its storage capacity is enough to store the last three months of data only. 

Data older than 3 months are sent to a data management system (data historian) PI (produced 

by OSIsoft, LLC), where they are collected and elaborated. The data stored in PI are 

compressed. 

It is possible to access PI data in a number of ways: 

• via an extension for Microsoft Excel developed by OSIsoft; 

• via an in-house developed MATLAB script; 

• via a commercial graphical user interface (GUI), PARCview (produced by dataPARC); 

• via the commercial TrendMiner web based platform; 

• via the OSIsoft proprietary software PI Process Book and PI Vision. 

All these different software solutions allow to extract data as a Microsoft Excel file for further 

elaboration and analysis.  
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2.4.1 Process variables 

For each of the process units depicted in Figure 2.3, a number of online measurements varying 

from 20 to 70 is available in the data historian. The very large number of variables available 

makes listing all the variables not useful for the reader, hence the used variables will be listed 

in the following Chapters. The available measurements typically include process values (PV), 

setpoints (SP) and valve openings (OUT). In some cases, the same variable is measured by two 

or more sensors, as redundancy is desirable for safety reasons. 

 

 
Figure 2.6 Process variables time trajectories of (a) reactor R1 internal level; (b) reactor 

R1 internal absolute pressure; (c) reactor R1 internal temperature; (d) tank T10 internal 

level. 

In Figure 2.6 typical data acquired from the studied process are shown. The units are 

anonymised for confidentiality reasons. All the PV signals are affected by noise, missing values 

and outliers, caused by unintended interruptions of the sensor connections and sensor faults. 

Furthermore, process upsets, such as the intervention of safety interlocks may affect the time 

trajectories of process variables and render the process less reproducible in terms of batch length 

(as clearly shown in Figure 2.6a), variations on the time trajectories (as shown in Figure 2.6b 
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and 2.6d). Furthermore, changes in the control strategy for some variables can bring to 

differences in the time trajectories of the measured process variables (as shown in Figure 2.6c). 

2.4.2 Product quality measurements 

The product quality is measured in two different points of the process depicted in Figure 2.2:  

• after filtering out the catalyst; 

• at the end of the process. 

According to process operators jargon, the former is called “filtrate”, while the latter is called 

“distillate”. A sample of the filtrate is taken from the process at irregular periods of time, 

alternating periods where they are taken one every 3-4 batches with periods where 60 batches 

are produced without product quality measurements. The distillate instead is sampled with a 

much lower frequency, with 2 samples per month on average (the plant produces a batch every 

10 hours on average). 

The product quality of the product from both sources is monitored according to the same 6 

metrics: the measurement of the concentration of the main product and the concentration of 5 

different byproducts obtained through an offline GC-MS analysis. 

The illustrated methodology has two main disadvantages: (i) it is expensive and time consuming 

and requires trained personnel in the quality control laboratory; (ii) due to disadvantage (i) it is 

not possible to monitor all the produced batches, in fact, only a few are monitored for detecting 

macroscopic and consistent trends deviating from the desired product quality. Furthermore, the 

adopted methodology measures the product quality only at the end of the batch, not allowing a 

quality-related monitoring of batches in real time. 

Furthermore, a batch is identified by a unique batch number until it reaches T8: at that point 2 

batches are joined for the subsequent evaporation steps, the batch number is lost and also the 

possibility of analyzing the quality of single batches. 

2.5 Advantages and challenges in the application of Industry 4.0 

approaches for batch process monitoring in specialty chemicals 

manufacturing 

The adoption of Industry 4.0 approaches for batch process monitoring in specialty chemicals 

manufacturing can bring significant advantages. 

The use of data-driven process monitoring techniques can significantly improve efficiency, 

quality and overall performance of the manufacturing processes through: 

1. process insights: it allows operators and decision-makers to monitor process variables, 

performance metrics and equipment status, enabling prompt identification of issues or 

deviations, leading to quick responses and corrective actions; 
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2. improved process efficiency: it can identify areas of inefficiency or bottlenecks in the 

production process, empowering the manufacturers to optimize process parameters and 

reduce cycle times, improving resource utilization and the environmental impact of the 

processes; 

3. root cause analysis: it can support root cause analysis, in particular by finding what are 

the sensor measurements correlated with the occurrence of a particular fault or with the 

production of off-spec products; 

4. enhanced product quality: it can identify the process parameters closely related to 

product quality and aid in reducing their variability for improving consistency and 

quality of the final product. 

However, the development and application of Industry 4.0 approaches for batch process 

monitoring is challenging due to the complexity of the studied process and its flexibility, that 

allows several sources of variability to enter the process, most of which cannot be eliminated: 

• variations in the quality of raw materials; 

• variations in the status of equipment and utilities; 

• the presence of a wide array of parallel units, each one slightly different from the other 

with respect to geometry, mixing, heat exchange, status and age, control strategy; 

• unknown quality of the catalyst and deactivation due to it being recycled back to the 

process; 

• manual variations of controller set points. 
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Chapter 3 

Mathematical methods 

This chapter presents the mathematical techniques utilized in this Dissertation. It offers a 

succinct overview of multivariate statistical techniques, specifically the theoretical formulation 

of PCA and PLS(-DA). The chapter then proceeds to provide key concepts of multivariate 

statistical process monitoring, and briefly discusses how multivariate methods are incorporated 

into monitoring frameworks of batch processes. Finally, the fundamental principles of surrogate 

optimisation are summarised, and the process for calculating the radial basis function (RBF) 

interpolator, one of the most frequently used surrogate models, is detailed. 

3.1 Multivariate statistical techniques 

The mathematical and statistical foundations of the multivariate statistical methods employed 

in this Dissertation are explored in the next sections. Specifically, we elaborate on the 

theoretical and algorithmic aspects of principal component analysis (PCA) and projection onto 

latent structures (PLS). 

3.1.1 Principal component analysis 

Principal component analysis (PCA; Jackson, 1991) is a multivariate statistical methodology 

commonly adopted for summarizing the information of a large set of correlated observable 

variables on a few orthogonal unobservable variables called latent variables.  

Let 𝐗[𝐼 × 𝐽] be a historical dataset of 𝐼  observations of 𝐽 variables conveniently pre-treated 

(e.g. mean-centered and variance-scaled). The covariance of matrix 𝐗 is defined as  

 
cov(𝐗) =

𝐗T𝐗

𝐼 − 1
  , (3.1) 

where 𝐗Tis the transposed of 𝐗. The PCA method produces an eigendecomposition of the 

covariance matrix (Wise and Gallagher, 1996): 

 cov(𝐗)𝐩𝑎 = 𝝀𝑎𝐩𝑎   , (3.2) 

where for each latent variable 𝑎 an eigenvector 𝐩𝑎[𝐽 × 1] called loadings vector is generated. 

The loadings vector describes the direction of the 𝑎-th latent variable. A scores vector 𝐭𝑎[𝐼 × 1] 

is associated to the loadings vector according to: 
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 𝐗𝐩𝑎 = 𝐭𝑎  . (3.3) 

The loadings vectors are orthogonal; the first one captures the direction of greatest variance of 

the dataset, the second loadings vector captures the direction of greatest variance orthogonal to 

the first one and so on (Dunn, 2019). The 𝐗 matrix can be reconstructed as the sum of the outer 

products of the (𝐭𝑎; 𝐩𝑎) pairs as: 

 𝐗 =∑𝐭𝑎𝐩𝑎
T

𝐴

𝑎=1

+ 𝐄 = 𝐓𝐏T + 𝐄  , (3.4) 

where 𝐴 ≤ min (𝐼, 𝐽)  is the number of considered principal components, 𝐓  and 𝐏  are the 

matrices collecting the scores and the loadings vector, respectively and 𝐄 is the residual matrix, 

containing the variability of the original matrix not described by the model. The decomposition 

of the 𝐗 dataset carried out by PCA is shown in Figure 3.1. 

 
Figure 3.1: Dataset decomposition carried out by principal component analysis (PCA) 

Formally, the problem solved by PCA for each principal component is (Bro and Smilde, 2014): 

 argmax
‖𝐩𝑎‖=1

(var(𝐭𝑎))  , (3.5) 

which consists in the problem of finding the 𝐩𝑎 with unitary Euclidean norm (indicated by the 

symbol ‖∙‖). Substituting 𝐭𝑎 through (3.3) the problem becomes more explicit: 

 argmax
‖𝐩𝑎‖=1

(𝐭𝑎
T𝐭𝑎) =  argmax

‖𝐩𝑎‖=1
(𝐩𝑎
T𝐗T𝐗𝐩𝑎) , (3.6) 

The problem stated in (3.6) is a standard linear algebra problem where the optimal 𝐩𝑎 is the 

first eigenvector of the covariance matrix of 𝐗. Several methods have been proposed to choose 

the appropriate number of principal components 𝐴  retained by the model  (Brown, 2009). 

Among the most effective methods for the choice are the scree test (Jackson, 1991) and cross-

validation (Bro et al., 2008). Refer to Camacho and Ferrer (2014) on several methods to 

determine the number of principal components based on the objective function to optimize. For 
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more details the reader is invited to refer to the original references. For each row of 𝐗 it is 

possible to assess a lack of model fit statistic called squared prediction error (𝑄), considering 

the sum of squares of the residual matrix, 𝐄: 

 𝑄𝑖 = 𝐞𝒊𝐞𝒊
T  , (3.7) 

where 𝐞𝑖 is the 𝑖-th row of 𝐄. This statistic evaluates the model representativeness, namely how 

well the model fits the actual conditions of the 𝑖-th observation. In other words, 𝑄 is a measure 

of how well each sample conforms to the PCA model (Wise and Gallagher, 1996). It is also 

possible to calculate a statistic assessing the deviation of the projected 𝑖-th observation onto the 

PCA model from the average condition of the observations in 𝐗. To this purpose, for the 𝑖-th 

observation the Hotelling’s 𝑇2 statistic is calculated as  

 𝑇𝑖
2 =∑(

𝑡𝑖,𝑎
𝑠𝑎
)
2𝐴

𝑎=1

  , (3.8) 

where 𝑠𝑎  is the standard deviation of the 𝑎 -th scores vector. Once a new observation 

𝐱𝑁𝐸𝑊
T [1 × 𝐽] is available, it is projected to the PCA through 

 𝐭𝑁𝐸𝑊
T = 𝐱𝑁𝐸𝑊

T 𝐏  , (3.9) 

Where 𝐭𝑁𝐸𝑊
T  is the row vector of scores of the new observation. 

3.1.2 Projection onto latent structures 

Projection onto latent structures (PLS; Wold et al., 1983), also called partial least-squares 

regression, is a multivariate statistical technique used for solving regression problems with 

noisy, multicollinear data (Indahl, 2014). Being a regression methodology, it is used to correlate 

a predictor dataset 𝐗 to a response dataset 𝐘[𝐼 × 𝐿]. It is assumed the observed data to be 

generated by a system or a process with a set of driving forces much smaller than the number 

of observed variables, hence the number of latent variables (Rosipal and Krämer, 2006):  

𝐴 ≪ min(𝐼, 𝐽, 𝐿). In summary, PLS is a methodology explaining the directions of maximum 

variability of 𝐗 that better predict 𝐘. The structure of the PLS model is summarized by the 

following set of equations: 

 𝐗 = 𝐓𝐏T + 𝐄  , (3.10) 

 𝐘 = 𝐓𝐐T + 𝐅  , (3.11) 

 𝐓 = 𝐗𝐖(𝐏T𝐖)−1  , (3.12) 

Where 𝐓[𝐼 × 𝐴]  is the score matrix, 𝐏[𝐽 × 𝐴]  and 𝐐[𝐿 × 𝐴]  are, respectively, the 𝐗  and 𝐘 

loading matrices and 𝐖[𝐽 × 𝐴] is the weight matrix used for projecting the data in 𝐗 onto the 

latent space to calculate 𝐓 according to (3.9). The structure of the PLS model is shown in Figure 
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3.2. The PLS components are extracted sequentially. The calculation of the weight vector 

𝐰𝑎[𝐽 × 1] requires solving the following eigendecomposition problem: 

 𝐗T𝐘𝐘T𝐗𝐰𝑎 = 𝜆𝑎𝐰𝑎  , (3.13) 

where 𝜆𝑎  is the eigenvalue associated with the 𝑎 -th LV (Höskuldsson, 1996), which is 

equivalent to the following optimization problem (Höskuldsson, 1988):  

 

max𝐰𝑎
T𝐗T𝐘𝐘T𝐗𝐰𝑎  

𝑠𝑢𝑏𝑗𝑒𝑐𝑡  𝑡𝑜 

𝐰𝑎
T𝐗T𝐗𝐰𝑎 = 1     . 

(3.14) 

Solving the problem (3.10) is not straightforward from an algebraic point of view. Hence, 

several iterative algorithms have been proposed in the literature for a computationally efficient 

implementation of PLS. The most commonly used algorithm is the nonlinear iterative partial 

least squares (NIPALS) algorithm described in details in Section 3.1.2.1 (Geladi and Kowalski, 

1986). 

 
Figure 3.2: Structure of the Projection onto latent structures model (PLS; adapted from 

Geladi and Kowalski, 1986) 

It must be noted that the 𝐗 score of (3.11) is sometimes substituted by the 𝐘 score matrix 

𝐔[𝐼 × 𝐴]. However the two formulations are equivalent as a linear relationship (inner relation, 

described in Section 3.1.2.1) relates the two scores matrices. In PLS models it is possible to 

calculate the 𝑄 and 𝑇2 statistics with (3.7) and (3.8), however, usually, the lack-of-fit statistic 

is calculated also on the 𝐘 residuals as 

 = 𝐟𝒊𝐟𝒊
T  . (3.15) 

The number of retained LVs is chosen by cross-validation (Wold, 1978). Cross-validation is a 

procedure according to which a PLS model is iteratively calibrated on a portion of the 

calibration dataset and it is used to predict the response of the excluded samples. Once the 
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predictions for all samples in the calibration dataset have been obtained, the root-mean square 

error of cross validation (RMSECV) is calculated as  

 𝑅𝑀𝑆𝐸𝐶𝑉 = √
∑ (𝑦𝑖 − 𝑦̂𝑖)2
𝐼
𝑖=1

𝐼 − 1
    (3.16) 

where 𝑦𝑖 is the response for observation 𝑖, and 𝑦̂𝑖 is the response predicted in cross-validation. 

Once a new observation 𝐱𝑁𝐸𝑊
T [1 × 𝐽] is available, it is projected in the PLS latent space through 

 𝐭𝑁𝐸𝑊
T = 𝐱𝑁𝐸𝑊

T 𝐖(𝐏T𝐖)−1  , (3.17) 

where 𝐭𝑁𝐸𝑊
T [1 × 𝐴] is the row vector of scores of the new observation. The predicted response 

for the new observation is calculated as  

 𝐲̂𝑁𝐸𝑊
T = 𝐭𝑁𝐸𝑊

T 𝐐T  , (3.18) 

where 𝐲̂𝑁𝐸𝑊
T [1 × 𝐿] is the response predicted by the model for the new observation 𝐱𝑁𝐸𝑊

T . 

3.1.2.1 NIPALS algorithm 

In order to solve the optimization problem (3.11) it is not enough to calibrate a PCA model over 

𝐗 and 𝐘 and build a relation between the obtained principal components. For this reason, the 

NIPALS algorithm (Geladi and Kowalski, 1986) have been proposed with the following 

structure, for each component: 

1. select a column of 𝐅𝑎−1(𝐅0 = 𝐘) as an initial estimate of 𝐮𝑎, 𝐮𝑎,start; 

2. regress each column of 𝐄𝑎−1(𝐄0 = 𝐗) over 𝐮𝑎 to obtain 𝐰𝑎: 𝐰𝑎
T = 𝐮𝑎

T𝐄𝑎−1/𝐮𝑎
T𝐮𝑎; 

3. normalize 𝐰𝑎: 𝐰𝑎,new
T = 𝐰𝑎,old

T /‖𝐰𝑎,old
T ‖; 

4. regress each row of 𝐄𝑎−1 over the weight vector to obtain 𝐭𝑎: 𝐭𝑎 = 𝐄𝑎−1𝐰𝑎/𝐰𝑎
T𝐰𝑎; 

5. regress each column of 𝐅𝑎−1 over 𝐭𝑎 to obtain 𝐘 loadings 𝐪𝑎: 𝐪𝑎 = 𝐭𝑎
T𝐅𝑎−1/𝐭𝑎

T𝐭𝑎; 

6. normalize 𝐪𝑎: 𝐪𝑎,new
T = 𝐪𝑎,old

T /‖𝐪𝑎,old
T ‖; 

7. regress each row of 𝐅𝑎−1 over 𝐪𝑎 to obtain 𝐘 scores: 𝐮𝑎 = 𝐅𝑎−1𝐪𝑎/𝐪𝑎
T𝐪𝑎. 

After this step convergence is checked by comparing the obtained 𝐮𝑎  with 𝐮𝑎,start . If 

‖𝐮𝑎 − 𝐮𝑎,start‖ < 𝜖, where 𝜖 is an arbitrary tolerance value (usually set at 10−10) then the 

successive steps are executed, otherwise the algorithm goes back to step 2: 

8. calculate 𝐗 loadings: 𝐩𝑎
T = 𝐭𝑎

𝐓𝐄𝑎−1/𝐭𝑎
𝐓𝐭𝑎; 

9. normalize 𝐩𝑎: 𝐩𝑎,new
T = 𝐩𝑎,old

T /‖𝐩𝑎,old
T ‖; 

10. normalize 𝐭𝑎 and 𝐰𝑎 accordingly by multiplying them by ‖𝐩𝑎,old
T ‖; 

11. calculate the inner relation coefficient: 𝑏𝑎 = 𝐮𝑎
T𝐭𝑎/𝐭𝑎

𝐓𝐭𝑎. 

In the last two steps the calculated PLS component is removed from the residual matrices 

obtained for the previous component in order to obtain the new residual matrices: 

12. 𝐄𝑎 = 𝐄𝑎−1 − 𝐭𝑎𝐩𝑎
T; 

13. 𝐅𝑎 = 𝐅𝑎−1 − 𝑏𝑎𝐭𝑎𝐪𝑎
T. 
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These matrices are used to calculate the elements of the subsequent latent variable repeating 

the algorithm iteratively. 

3.1.3 Projection onto latent structures discriminant analysis 

The extension of PLS to classification problems is the so-called projection onto latent structures 

discriminant analysis (PLS-DA; Barker and Rayens, 2003). Consider a response dataset 

𝐘c[𝐼 × 𝐿] where the element in row 𝑖 and column 𝑙 is equal to 1 if the 𝑖-th observation belongs 

to the 𝑙-th class (e.g., an on-spec product), or 0 otherwise (e.g., an off-spec product). PLS-DA 

works by building a PLS model on datasets 𝐗 and 𝐘c. The estimated class attribution obtained 

in calibration, 𝐘̂c, are used to fit a cumulative density function to identify the probability of 

belonging to a specific class. Once the prediction on a new observation is calculated through 

(3.14), the abovementioned cumulated density functions are used to calculate the probability of 

attributing the new observation to the relevant class (Ballabio and Consonni, 2013). 

3.1.4 Process monitoring with multivariate statistical techniques 

MSPM carries out the activities constituting process monitoring described in Section 1.4 

through the use of a model describing the process NOC developed with multivariate statistical 

modelling techniques (MacGregor and Kourti, 1995). A dataset of historical NOC observations 

composed of plant sensors measurements 𝑥1, … 𝑥𝐽  is retrieved from the plant data historian. 

Under NOC, the attributes of a process are assumed to stay close to a assigned target value 

without changing perceptibly. MSPM assumes therefore that the process adheres to a state of 

statistical control if it remains within certain statistical limits. Once a multivariate statistical 

model is calibrated on historical data, confidence limits can be established for 𝑇2 and 𝑄. In 

particular, the one-sided 𝑄 confidence interval is calculated as follows (Eriksson et al., 2006)  

 𝑄𝑙𝑖𝑚 =
𝜎

2𝜇
𝜒2𝜇
𝜎
,𝛼

2       , (3.19) 

where 𝜇 and 𝜎 are the mean and the variance of the residuals from the calibration dataset, 𝐗, 

and 𝜒2 is the chi-squared distribution with 2𝜇/𝜎 degrees of freedom and significance 𝛼. The 

one-sided confidence interval for the Hotelling’s 𝑇2 statistic is calculated as follows (Wise and 

Gallagher, 1996): 

 𝑇𝑙𝑖𝑚
2 =

𝐴(𝑁 − 1)

(𝑁 − 𝐴)
F𝐴,𝑁−𝐴,𝛼     , (3.20) 

where F is a Fisher distribution with 𝐴  numerator degrees of freedom, 𝑁 − 𝐴  denominator 

degrees of freedom and significance 𝛼. When a new observation is available, its 𝑄 statistic 

value is calculated as 

 𝑄𝑁𝐸𝑊 = 𝐞𝑁𝐸𝑊
T 𝐞𝑁𝐸𝑊, (3.21) 
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where 𝑄𝑁𝐸𝑊 is the 𝑄𝑁𝐸𝑊 statistic value of the new observation and 𝐞𝑁𝐸𝑊 is the vector of the 

residuals of the new observation. Its 𝑇2 statistic is calculated as follows: 

 𝑇𝑁𝐸𝑊
2 =∑(

𝑡𝑁𝐸𝑊,𝑎
𝑠𝑎

)
2𝐴

𝑎=1

  , (3.22) 

where 𝑡𝑁𝐸𝑊,𝑎 is the value of the score of the new observation on the 𝑎-th latent variable and 𝑠𝑎 

is the 𝑎-th latent variable calibration scores variance. For fault detection purposes, 𝑄𝑁𝐸𝑊 and 

𝑇𝑁𝐸𝑊
2  values are compared with 𝑄𝑙𝑖𝑚 and 𝑇𝑙𝑖𝑚

2  values, respectively. If either of the two statistics 

are out of the relevant confidence limit, the observation is assumed to be faulty. A geometrical 

interpretation of the 𝑆𝑃𝐸 and 𝑇2 confidence limits as used for MSPM, hence through a PCA or 

PLS model, is given in Figure 3.3, where the observations from a reference dataset are projected 

from the original space onto a latent space, where the latent variables are the directions of 

maximum variability of the data. Within this sub-space of the original space, the compliance of 

new observations can be analyzed through 𝑇2 and 𝑄 statistics.  

 
Figure 3.3: Geometrical interpretation of the 𝑇2 and 𝑄 statistics in multivariate statistical 

process monitoring (MSPM) 

In particular, the 𝑇2 statistic is a measure of the distance of the projection of a given observation 

onto the PCA model from the average condition of the reference (the origin of the latent 

variables axes), while the 𝑄 statistic indicates the distance of the new observation from the 

latent variables hyperplane. 

3.1.4.1 Contribution plots 

While carrying out fault detection in MSPM, the comparison of statistic values with their 

calculated confidence limits during multivariate statistical model calibration is undertaken. 
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Fault diagnosis and identification is carried out assessing the correlations between the original 

𝐽 variables in dataset 𝐗 and the occurrence of the observed anomalous condition. This task can 

be aided by the calculation of the contributions to the observed value of the 𝑇2 and 𝑄 statistic, 

as they help to make a sound guess for the assignable causes of the observed anomaly 

(Nomikos, 1996). Contribution plots (Miller et al., 1998) are the most commonly adopted 

approach for detecting the root cause of the fault. The calculation of the 𝑄 contribution is 

straightforward, as they are simply the elements of the residuals vector 𝐞𝑁𝐸𝑊. The contributions 

to 𝑇𝑁𝐸𝑊
2  are obtained as follows: 

 𝐭con,NEW
2 =  𝐱NEW

T 𝐏𝐒−
1
2𝐏T   , (3.23) 

where 𝐭con,NEW
2 [1 × 𝐽]  is the vector of the 𝑇𝑁𝐸𝑊

2  contributions, 𝐱NEW
T [1 × 𝐽]  is the new 

observation, 𝐒[𝐽 × 𝐽]  is a matrix containing the variance of the columns of 𝐓  on its main 

diagonal. The variables with the larger absolute values of the contributions relative to the 

statistic that violated its control limit are considered correlated with the fault occurrence (Joe 

Qin, 2003). 

3.1.5 Batch process monitoring with multivariate statistical techniques 

When monitoring batch processes, the nature of batch data must be understood first. In a batch 

process, the operating conditions are time-dependent, hence, a third dimension must be 

considered in batch data, namely, time. Let 𝐗B[𝐼 × 𝐽 × 𝐾̃] be a three-dimensional tensor of 

historical data from𝐼 batches. For each batch, 𝐽 process variables are measured at 𝐾̃ time points. 

Often in real industrial processes each batch have a different time duration, hence, in general, 

𝐾̃ changes across batches. In order to perform process monitoring with such data framework 

using multivariate statistical methods, such as PCA or PLS(-DA), 𝐗B must be transformed into 

a two-dimensional matrix, and this can be accomplished by resorting to multiway PCA (MPCA) 

and PLS (MPLS; Nomikos and MacGregor, 1994, 1995a). MPCA and MPLS are consistent 

with their counterparts both from an algorithmic and a mathematical standpoint. These methods 

unfold 𝐗B  into a two-dimensional matrix that can be processed by standard multivariate 

techniques. 

There are two main ways of unfolding 𝐗B: 

• batch-wise unfolding (BWU); 

• variable-wise unfolding (VWU). 

The BWU unfolding slices the batch data tensor along the time direction, obtaining [𝐼 × 𝐽] 

matrices that are placed side-by-side (Nomikos and MacGregor, 1995a).  

As observed in Section 1.4.1.2, BWU is the most logical method for modelling differences 

among batches, especially in the common situation where a single quality measurement at the 

end of the batch is available for each batch (Golshan et al., 2010). Unfortunately, several 

drawbacks affects the application of BWU when using it for batch MSPM. In order to use it, 
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the batch data must be aligned, namely, they must be equalized (i.e. all variables must be 

available at the same sampling rate) and synchronized (i.e. all the variables trajectories must 

have the same number of samples across all batches; González-Martínez et al., 2018), this 

problem will be addressed in details in Section 3.1.5.1. 

Furthermore, for online monitoring applications, BWU unfolding cannot be directly applied as 

it requires data for the entire batch to be available, and this occurs only after the completion of 

the batch itself. The latter problem can be solved by filling the incomplete matrix for the future 

unknown samples, at the conditions of having at least 10% of the batch history already available 

(Nomikos and MacGregor, 1995a).  

One of the workarounds for reducing the complexity of the preprocessing needed for 

monitoring batch processes through multiway techniques is unfolding the 3-dimensional tensor 

of batch data in the variable direction, thus obtaining the 𝐗𝐕[𝐼𝐾̃ × 𝐽] VWU matrix. Thus, in 

VWU, each batch operating conditions are represented by a time trajectory in the latent (score) 

space (Wold et al., 1998). However, it is well known that the VWU based multiway models 

exhibit worse monitoring performance than their BWU counterparts (Kourti, 2003). In order to 

improve their performance, when using the VWU methodology, in commercial applications it 

is suggested to build a control chart by building control limits around the time trajectories of 

NOC calibration scores plotted against sample number (that is equivalent to plotting them 

against a time axis) for each LV (Eriksson, 2021). The underlying assumption of this 

methodology is that scores from a multivariate model can be used for building a univariate 

control chart: this assumption does not always hold and exposes the practitioner to the same 

risks observed when applying classical univariate methodologies to inherently multivariate 

processes (MacGregor and Kourti, 1995). Furthermore, both VWU and BWU multiway 

techniques assume that time (intended in absolute terms) is an attribute of a batch trajectory. 

In order to overcome on the one hand the necessity of batch alignment and phase partition of 

BWU, and on the other hand the unsatisfactory monitoring performance of VWU, an 

assumption free methodology has been proposed (Westad et al., 2015) and will be discussed in 

Section 3.1.5.3. 

3.1.5.1 Batch alignment 

Batch alignment can be challenging. Effective methodologies are necessary for synchronizing 

batch data for developing MPCA or MPLS(-DA) models through BWU. Ad-hoc 

synchronization techniques, such as truncating the trajectories of all batches to the shortest 

batch length (Rothwell et al., 1998) or extending the length of shorter batches by repeating the 

last measurement (Lakshminarayanan et al., 1996) are simple workarounds that can be set up 

quickly for preliminary dataset screening and analysis, but may provide ineffective data 

modelling (Rendall et al., 2019). More advanced methodologies are based upon techniques 

borrowed from speech recognition, such as dynamic time warping (DTW; Kassidas et al., 1998) 
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and its offspring both for online (relaxed greedy optimized warping, RGTW; González-

Martínez et al., 2011) and offline (multisynchro, MS; González-Martínez et al., 2014) 

synchronization, or from spectroscopy, such as correlation optimized warping (COW; Fransson 

and Folestad, 2006; Tomasi et al., 2004). These advanced methodology, although being highly 

effective, have well-known downsides, such as a high computational cost with large datasets 

(Mueen and Keogh, 2016) and the generation of artifacts when some batches are significantly 

shorter than the chosen reference (José M. González-Martínez et al., 2014) and/or the starting 

and ending process conditions are different (González-Martínez et al., 2011). All the previously 

mentioned methodologies require some process knowledge to be applied, e.g. choosing a 

reference batch, a reference variable, or both. This can be problematic in processes where first 

principles knowledge is scarce, such as batch processes for the production of specialty 

chemicals.  

A more effective, yet still simple, synchronization strategy consists in nonlinearly mapping time 

to an indicator variable (IV; Nomikos and MacGregor, 1995b). In this approach, a variable is 

selected for representing the “maturity” of a batch and batches are aligned according to the 

percentage of final value of this variable attained at the current point in time. 

The indicator variable methodology is the most popular technique due to its ease of 

implementation and effectiveness (Barton et al., 2021; Brunner et al., 2020; Kourti et al., 1996; 

Krause et al., 2015; Neogi and Schlags, 1998). A process variable must possess three properties 

in order to be used as an indicator variable: i) it must be monotonic (García-Muñoz et al., 2003); 

ii) it must have a sufficiently high signal-to-noise ratio (Ündey et al., 2003); iii) it must have 

approximately the same initial and final values across all batches in 𝐗B  

(Nomikos and MacGregor, 1994). The appropriate variable is selected using process knowledge 

(García-Muñoz et al., 2011; Kourti, 2003). A single IV may not exist for an entire batch, but 

can exist for single time windows wherein the measured variables have similar correlation 

structure (i.e. a different IV may exist in each batch process phase), for this reason, a phase 

partitioning algorithm must be applied before aligning batches with the IV technique. 

3.1.5.2 Phase partition 

Also partitioning a batch into phases is a challenging task (Camacho et al., 2008a; Guo and Jin, 

2019; Lu et al., 2004; Luo et al., 2016; Zhang et al., 2018), because phases do not always match 

the physical events in a process (i.e., phases do not always correspond to processing steps).  

Guo and Jin (2019) proposed a model-agnostic, phase partition methodology that automatically 

returns the number Φ𝑖  of phases into which one entire non-synchronized batch 𝑖  can be 

partitioned, together with the time point at which each phase onsets. The methodology, 

schematically shown in Figure 3.4, is based on analyzing the change in the correlation structure 

of the measured data across multiple consecutive time points. Here, we summarize the original 

methodology proposed by Guo and Jin (2019). 
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Consider a horizontal slice of 𝐗B, including all measurements taken from batch 𝑖 across all 𝐾𝑖 

time points along the batch, and arrange the relevant data in matrix 𝐗𝑖[𝐽 × 𝐾𝑖]. A moving 

window 𝐗𝑖,𝑘 [𝐽 × 𝑉] of data in 𝐗𝑖 (𝑉 being the moving window width) is slid along time, one 

time point at a time across all measurements, from 𝑘 = 1 up to 𝑘 = 𝐾𝑖 − 𝑉 + 1, so that each 

time point is included in at least one of the windows. Consider the correlation matrix 𝐂𝑘 [𝐽 × 𝐽] 

of 𝐗𝑖,𝑘; its generic (𝑝, 𝑞) element is calculated as: 

 
Figure 3.4. Procedure performed for automatic phase partition of multiphase, uneven-length 

batches (adapted from Guo and Jin, 2019) 

 

 
𝐂𝑘(𝑝, 𝑞) =     

cov(𝐗𝑖,𝑘
𝑝 , 𝐗𝑖,𝑘

𝑞 )

𝜎(𝐗𝑖,𝑘
𝑝 )𝜎(𝐗𝑖,𝑘

𝑞 )
  , (3.24) 

where 𝐗𝑖,𝑘
𝑝

 and 𝐗𝑖,𝑘
𝑞

 are the 𝑝-th and the 𝑞-th rows in 𝐗𝑖,𝑘 (respectively), cov(𝐗𝑖,𝑘
𝑝 , 𝐗𝑖,𝑘

𝑞 ) is the 

covariance between the previously mentioned rows, and 𝜎(𝐗𝑖,𝑘
𝑝 ) and 𝜎(𝐗𝑖,𝑘

𝑞 ) are the standard 

deviations of the 𝑝-th and of the 𝑞-th rows in 𝐗𝑖,𝑘, respectively. 

Define the multidimensional average gain index 𝛿𝑘  between two consecutive correlation 

matrices as: 

 
𝛿𝑘 = 

∑ ∑ |𝐂𝑘+1(𝑝, 𝑞) − 𝐂𝑘(𝑝, 𝑞)|
𝐽
𝑞=1

𝐽
𝑝=1

𝐽2
      . (3.25) 

The gain captures the variation of the process characteristics (i.e., the change in correlation 

structure) between consecutive time points as the batch time progresses. A necessary condition 

to be fulfilled at time point 𝑘 to trigger the switch from the current phase to a new one is that Λ 

consecutive values of 𝛿𝑘 exceeds a threshold value Θ𝑘.  

Window movement

……



36  Chapter 3 

© 2023 Francesco Sartori, University of Padova (Italy) 

 

 
Figure 3.5. Flow chart of the original automatic phase partition methodology for one entire 

batch (adapted from Guo and Jin, 2019). 

If the last calculated value of 𝛿𝑘 does not exceed the threshold Θ𝑘−1 calculated at the previous 

window slide, the threshold is calculated from the switch control limit 𝜎𝑘, defined for a given 

phase as: 

 

𝜎𝑘 =
1

Λ
∑ 𝛿𝑧

𝑘

𝑧=𝑘−Λ+1

    , (3.26) 

where Λ is the number of time points over which 𝛿𝑘 is averaged. The threshold Θ𝑘 is calculated 

as: 
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 Θ𝑘 = 𝑁𝜎𝑘    , (3.27) 

where 𝑁 is a parameter called tolerance factor. Otherwise, if 𝛿𝑘 > Θ𝑘−1, the threshold Θ𝑘 takes 

the same value as Θ𝑘−1. 

To make phase switch actually occur, condition 𝛿𝑘 > Θ𝑘 must be satisfied for Λ consecutive 

time points. It can be shown that the minimum length of a phase that can be detected by this 

method is (𝑉 + Λ) time points. A flowchart of the phase partition mechanism for a generic 

batch is shown in Figure 3.5.For a given set of batches, the method requires assigning three 

adjustable parameters, namely the moving window width 𝑉, the width Λ over which the gains 

are averaged for each phase, and the tolerance factor 𝑁. The achieved phase partition strongly 

depends on the values assigned to the parameters; therefore, their search is best done by 

optimization. 

3.1.5.3 Assumption-free monitoring 

The assumption-free monitoring technique is a methodology that can accommodate uneven 

batch lengths, unknown initial batch (absolute) time, phase changes and uneven residence time 

(Westad et al., 2015). The methodology can achieve this by inherently estimating the so-called 

“relative time”, i.e., a measurement of the progress of the underlying chemical, biological and 

physical phenomena along the process. The methodology is not based on BWU, in fact its first 

step consists in carrying out a VWU of the original data matrix with column-wise centering and 

scaling. According to VWU, each score represents a time point of a batch, hence in the score 

plot (qualitatively represented in Figure 3.6) of this VWU technique each point represents a 

time point of a batch, and not a whole batch as is the case in BWU-based techniques. The 

estimation is carried out by gridding a portion of the score space containing the calibration 

scores and building a common batch trajectory by calculating the mean of the scores contained 

in each cell of the grid. For monitoring purposes, a dynamic control limit is calculated around 

the common batch trajectory. A qualitative representation of the methodology is given in Figure 

3.6. The assumption-free monitoring technique is analogous to previously described batch 

process monitoring techniques as it requires a set of NOC batches to calibrate a VWU MPCA 

model, whose scores over the first 2 PCs are represented as green upward triangles, yellow 

circles and orange downward triangles. The grey dashed grid is then built in the latent (score) 

space of the PCA model and the valid cells of the grid (in light green) are identified. 
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Figure 3.6. Qualitative representation of the assumption free monitoring methodology 

The mean value of the scores in the valid cells (blue diamonds) are used to build the common 

batch trajectory (blue line) and to estimate the relative time. The distance of the scores from the 

common batch trajectory are used to build control limits around the common batch trajectory 

(dynamic control limits, dashed red lines). 

For monitoring purposes, each observation belonging to a new batch are projected onto the 

PCA model hyperplane and are compared with the control limits. 

The detailed algorithm for calibrating the assumption-free monitoring methodology is given as 

shown in Figure 3.7a and 3.7b: 

A1.1.the calibration data tensor 𝐗B is unfolded variable-wise, obtaining 𝐗𝐕[𝐼𝐾̃ × 𝐽]; 

A1.2.𝐗𝐕 is centered and scaled; 

A1.3.a PCA model is calibrated using 𝐗𝐕; 

A1.4.a grid is built in the multivariate space for modelling the batch trajectory in the best way. 

A1.5.in each cell of the grid, the mean for all observation and the means for individual batches 

is calculated; 

A1.6.the common batch trajectory is built interpolating the overall means of the samples; 

A1.7.the individual means in each cell are projected onto the common batch trajectory and 

relative time, distance within model space and residual distance are estimated; 

A1.8.standard deviation around the common batch trajectory is estimated and dynamic control 

limits are calculated around the common batch trajectory; 

A1.9.residual distance and its confidence limit is calculated; 

A1.10.relative time for each observation in 𝐗𝐕 is calculated. 

With step 10 the model calibration is concluded. When a new observation is available the 

following steps are followed: 

A1.11.the new observation 𝐱𝐕,NEW
T [1 × 𝐽] is autoscaled; 

A1.12.the new score is projected onto the PCA model through (2); 

A1.13.the score is projected onto the common batch trajectory calculated in Step 6, its distance 

from the common batch trajectory and from the model is estimated. 
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Although the assumption-free monitoring methodology is explained in detail in the original 

work by Westad et al. (2015), some of the steps of the assumption-free monitoring algorithm 

need further clarifications. 

In particular, A1.4 is a key step of the calibration portion of the algorithm: in this Step the “best” 

grid in the PCA score space is stated to be found through a grid search algorithm, however, the 

optimization problem that the grid search solves is not formulated explicitly. 

                  
(a) (b) 

Figure 3.7: (a) Flowsheet of steps 1-10 of the Assumption-free monitoring algorithm 

(calibration). (b) Flowsheet of steps 11-13 of the assumption-free monitoring algorithm 

(monitoring). 

In Step A1.6 it is required to interpolate the overall means in the valid cells in order to build a 

common batch trajectory. The original work loosely states that either a linear or a spline 

interpolant can be used for this task based upon the nature of the studied process, however, a 
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clear guideline for choosing the interpolant function that achieve the best monitoring results is 

missing. A clear description on how to perform fault detection and fault identification and 

diagnosis is completely missing in the original work, although it is implicitly stated that the 

commercial implementation of the assumption-free monitoring methodology performs fault 

detection using the dynamic control limits and the residual distance control limits calculated in 

steps A1.8 and A1.9 and the conventional 𝑇2 contribution plots are used for fault diagnosis 

(Westad, 2020). 

3.2 Surrogate optimization 

Surrogate optimization is a global optimization methodology especially useful when the 

objective functions are non-smooth (Queipo et al., 2005), as occurs for example when the 

optimization variables are discrete. One significant advantage of surrogate optimization is that 

it can be applied with unknown symbolic form of the objective function and unknown exact 

derivatives of the function itself (Bhosekar and Ierapetritou, 2018). 

A surrogate ℒ̂(𝛏) is obtained that approximates the loss function, has a known analytical form, 

and is cheaper to evaluate with respect to the true objective function ℒ(𝛏). In this study we use 

the radial basis function (RBF) interpolator, which has the form 

 

ℒ̂(𝛏) = ∑𝜆ℎΨ(‖𝛏 − 𝛏̅ℎ‖2) + ℘(𝛏)

𝐻

ℎ=1

  , (3.28) 

where 𝐻 is the number of parameter sets for which the value of ℒ is known and upon which the 

interpolation is made, 𝛏̅ℎ is one such parameter set, the 𝜆𝑖’s are weights to be determined by 

calibration, Ψ(∙) is the RBF, ℘ is a polynomial whose coefficients are to be determined, and 

‖∙‖2 is the Euclidean norm (Chen et al., 2022). The RBF chosen in this study is the cubic one, 

which has been proven to outperform other surrogate models (Bano et al., 2018), while the 

polynomial ℘  has degree 1. This RBF has also been proven to minimize a measure of 

bumpiness (Gutmann, 2001). The optimization algorithm alternates between two phases: 

surrogate construction, and minimum search. 

The surrogate construction consists of these steps: 

1. 𝐴1 quasirandom input vectors (i.e., parameter sets) are sampled within the bounds. 

2. ℒ is evaluated on these points. The minimum value of the objective function among these 

points is identified as the “incumbent”. 

3. ℒ̂ is calibrated on the values of ℒ obtained at point 2. 

After these steps the minimum search starts: 

4. 𝐴2 input vectors are sampled in the input space close to the incumbent. 

5. ℒ̂ is evaluated on the points identified in step 4. 
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6. The point with minimum ℒ̂ in step 5 is identified. This point is added to the initial points 

of step 1, and the algorithm iterates back to step 2, until an assigned number of iterations 

is reached. 

When the minimum search problem involves both real and integer variables the optimization 

step must be adjusted to account for this. The most commonly adopted adaptation is a variant 

of the branch-and-bound mixed-integer optimization algorithm proposed by Achterberg et al. 

(2005). 

3.2.1 Radial basis function interpolators 

In this Section, we provide a short overview of radial basis functions (RBFs), more details can 

be found in specialized references (Biancolini, 2017; Iske, 2002).  

RBFs have found applications in several domains, such as computer graphics (Zhong et al., 

2019), predictive maintenance (She et al., 2020), and chemometrics (Xu et al., 2006), most 

frequently for scattered data interpolation. The data interpolation problem can be stated as 

follows: given 𝐻 multidimensional data points 𝛏̅ℎ  (with ℎ = 1, 2,⋯ ,𝐻), with corresponding 

scalar values ℒ(𝛏̅ℎ), compute a function ℒ̂(𝛏), where 𝛏 is a generic point belonging to the same 

space to which the data points 𝛏̅ℎ belong, that smoothly interpolates the data points, and for 

which ℒ(𝛏̅ℎ) = ℒ̂(𝛏̅ℎ) for all the values of ℎ. 

In order to carry out this task, a function Ψ(∙) of the distance between 𝛏̅ℎ and 𝛏, called RBF, is 

used for generalizing the concept that the closer we get to a certain data point 𝛏̅ℎ, the closer the 

value of ℒ̂ should get to ℒ(𝛏̅ℎ). A cubic RBF Ψ is defined as: 

 Ψ(‖𝛏 − 𝛏̅ℎ‖2) = ‖𝛏 − 𝛏̅ℎ‖2
3
   , (3.29) 

where ‖∙‖2 is the Euclidean norm. Thus, the RBF-based interpolator takes the form: 

 

ℒ̂(𝛏) = ∑𝜆ℎΨ(∙)     

𝐻

ℎ=1

 . (3.30) 

Solving this equation consists in solving the following linear system: 

 

(

 

Ψ1,1
Ψ2,1
⋮
Ψ𝐻,1

Ψ1,2
Ψ2,2
⋮
⋯

⋯
⋯
⋱

Ψ1,𝐻
Ψ2,𝐻

Ψ𝐻,𝐻)

 (

𝜆1
𝜆2
⋮
𝜆𝐻

) =

(

  
 

ℒ(𝛏̅1)

ℒ(𝛏̅2)

⋮
ℒ(𝛏̅𝐻)
 )

  
 
  ⇒   𝚿𝛌 = 𝓛 (3.31) 

where the element in position (𝑖, 𝑗) of matrix 𝚿 is Ψ𝑖,𝑗 = Ψ(‖𝛏̅𝑖 − 𝛏̅𝑗‖2), and the unknowns are 

the weights 𝜆ℎ’s. 

One disadvantage of the RBF interpolator in (3.23) is that it is unable to represent polynomial 

functions. In order to make it able to approximate polynomial functions, a polynomial function 

℘(𝛏) is appended to the right-hand side of (3.23). For example, a linear polynomial can be used: 
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 ℘(𝛏) = c1 + 𝑐2𝛏   , (3.32) 

where 𝑐1 and 𝑐2 are the parameters of the polynomial. Thus, we obtain the final form of the 

RBF-based interpolator: 

 

ℒ̂(𝛏) = ∑𝜆𝑖Ψ+℘(𝛏)

𝐻

ℎ=1

     . (3.33) 

Let 𝓑 be the basis of ℘: 

 

𝓑 =

(

 

1  
1  
⋮  
1  

𝛏̅1
𝛏̅2
⋮
𝛏̅𝐻)

   . (3.34) 

The linear system to be solved becomes: 

 𝚿𝛌 + 𝓑𝐜 = 𝓛  , (3.35) 

where 𝐜 = (𝑐1 𝑐2)
T. However, the system is now underdetermined. In order to be able to solve 

(3.28), we constrain the weights 𝛌 to be zero if the polynomial terms match the data points 

exactly with the coefficients 𝐝:  

 𝚿𝛌 + 𝓑𝐜 = 𝓑𝐝  . (3.36) 

After a few algebraic manipulations, we end up with the following linear system (Biancolini, 

2017): 

 (
𝚿
𝓑T
𝓑
𝟎
)(
𝛌
𝐜
) = (

𝓛
𝟎
)  , (3.37) 

which can easily be solved by linear algebra. 
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Chapter 4 

Assessment of the benefits of the 

application of batch process monitoring 

techniques* 

In this chapter, the effectiveness of multivariate batch process monitoring techniques in an 

industrial setting is assessed. A state-of-the-art methodology for batch process troubleshooting 

is applied to an industrial batch process manufacturing an intermediate for the production of 

polymer additives with unresolved issues. It is assessed that the use of multivariate statistical 

methods on an industrial plant is an effective approach for troubleshooting processes and allow 

improving the process efficiency and safety. 

4.1 Introduction 

Batch processes are widespread in many industries producing low volumes of high added-value 

goods such as pharmaceuticals, biotechnological products and specialty chemicals. The energy 

costs for common chemicals produced in batch operations can arrive at as high as 10% of the 

total production costs (Bieler et al., 2004). Therefore, reducing energy consumption not only 

reduces the environmental impact of the process, but can also reduce significantly the process 

operating expenses. 

One approach for modeling batch processes is based on first-principles models, requiring 

detailed knowledge about the phenomena occurring in the process. The development of these 

models is usually expensive, time consuming, hence often prohibitive in an industrial setting. 

On the other hand, the increased availability of data in the process industry, propelled by the 

development of sensors and networking technology together with the reduction of the costs of 

computing equipment, allowed the development of data-driven models for tasks traditionally 

carried out through knowledge-driven models, thus sensibly reducing time and costs for model 

development. Batch processing is highly impacted by this approach, especially when the 

process chemistry is not completely understood, which renders the development of a first-

principles model a hard (or even impossible) task.  

 
* Sartori F., Zuecco F., Facco, P., Bezzo F., Barolo M. (2022), Data Analytics Can Help Reduce Energy Consumption in the 

Industrial Manufacturing of Specialty Chemicals. Chem. Eng. Trans. 96, 229-234 
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In order to extract process-relevant information from the massive amount of data produced by 

a modern chemical process, effective data analytics techniques can be used. Multivariate 

statistical methods, such as principal component analysis (PCA; Jollife and Cadima, 2016) and 

its multiway extension (Nomikos and MacGregor, 1995a) are extensively used to this purpose. 

These techniques can reduce the dimensionality of large sets of data, increasing their 

interpretability while minimizing information loss, revealing the underlying correlation 

structure between the process variables over their time evolution. They do this by projecting 

the data onto a new set of uncorrelated variables (called principal components) that summarize 

the original data, in such a way that an intuitive visual comparison of the data evolution patterns 

across different batches can be obtained. 

In this study, we exploit PCA to find the root-cause determining a large variability in the time 

duration of a key reaction step for an industrial batch process manufacturing a specialty 

chemical. Large (and unexplained) average batch length and length variability in this reaction 

step caused significant energy and raw materials consumption per unit of product manufactured. 

4.2 Process description 

The process under investigation consists in the synthesis of an intermediate chemical for the 

manufacturing of a hindered amine light stabilizer (HALS), to be used as a polymer additive. 

A detailed description of the process is given in Section 2.2, while a piping and instrumentation 

diagram is shown in Figure 2.4. In this semi-batch process, reactants A and B are fed to the 

jacketed stirred tank reactor R1. Vacuum is then applied to the system, and the main reaction is 

a liquid-phase, thermally activated, exothermic one, according to (2.1), where D is the desired 

product, and C is a byproduct. The process is highly automated and is operated through a recipe 

that consists of the following steps: 

1. setup: the system is set up for a new run; 

2. reactant loading: liquid reactants A and B are loaded into R1 from their respective 

storage tanks in stoichiometric amounts. A small amount of C is also loaded into the 

reactor; the reason for this is to speed up the initial reaction phase. The reactor is heated 

up with low-pressure steam through a jacket, to reach the temperature required to carry 

out the reaction; 

3. reaction: vacuum is applied to the system in two steps: a faster pressure decrease is 

applied first, down to an assigned pressure; then, pressure is further slowly decreased to 

the pressure value required by the reaction. Once the reaction conditions are met, 

byproduct C is released as a vapor, and it is removed from the reactor, condensed in C1 

condenser, and then stored in T10 buffer tank; 

4. nitrogen blanketing: when the required volume in T10 is obtained, vacuum is broken, 

and the reactor is blanketed with nitrogen; 
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5. product discharge: liquid byproduct C is discharged from T10 to the waste unit, reaction 

product D (liquid) is discharged from R1 and fed to the subsequent processing step. 

Step 3 corresponds to the reaction phase (the key one for this process), and we call “batch 

length” its duration. Figure 4.1 shows the distribution of batch lengths recorded over a period 

of 12 consecutive months before this study was started. It can be seen that the distribution is 

bimodal, with one mode with a peak at 56 min  and one mode with a peak at 74 min ; 

furthermore, the batch lengths range between 55 and 145 min, and the overall average batch 

length is 77 min. 

 
Figure 4.1: Distribution of the time duration of step 3 in reactor R1 across the historical 

dataset. The vertical red line is the mean of the distribution. 

The result of this variability in batch length is a decrease in productivity, as well as an increase 

in energy consumption per unit of product manufactured. Since engineering understanding was 

not enough to find the root cause of this variability, analytics on the historical manufacturing 

data was done to mine process-relevant information that could help in the task of 

troubleshooting the reaction step. 

4.3 Available data 

A total of 𝐼 = 468 historical batches were extracted from the plant historian (Figure 4.1). All 

batches ended up in a product meeting the target quality profile. The available data consists of 

the time trajectories of 7 operating variables, as listed in Table 4.1. 

Table 4.1. Available variables in the 𝐗 dataset 

Variable no. Variable description 

1 R1 absolute internal pressure 

2 R1 internal pressure controller output 

3 R1 internal temperature 

4 C1 condensed liquid temperature 

5 T10 internal level 

6 R1internal level 

7 Time 
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The measurements were collected every 30 s.  

The available data were organized in a tensor 𝐗[𝐼 × 𝐽 × 𝐾], where 𝐽 = 7 is the number of 

measurement sensors available for the unit, and 𝐾 is the total number of observations per batch, 

ranging between 183 and 1225. 

4.4 Analysis of historical batch data 

The dataset was aligned with the indicator variable technique applied to each operating phase, 

using the internal level as the indicator variable for phases 2 and 5, and time as the indicator 

variable for phase 3, thus obtaining 𝐗a[468 × 7 × 296]. Due to their very short time duration, 

operating stage 1 and 4 were neglected. A BWU MPCA model with 3 PCs was calibrated 

utilizing the preprocessed dataset 𝐗a. The model explains 51% of the dataset variability.  

 
 

Figure 4.2. Results of the multiway principal component analysis (MPCA) model built on the 

historical process data: (a) scores plot, (b) loadings plot on PC1. The grey areas shown for 

each variable in (b) refer to step 2 (left) and step 5 (right) of the manufacturing recipe; the 

white area refers to step 3. 

The model scores for the first two PCs are plotted in Figure 4.2a: no particular pattern across 

the historical batches is apparent. On the other hand, analysis of the loadings (Figure 3b) reveals 

interesting information. The plot shows how the loadings along the first PC evolve with the 

aligned time for each of the variables listed in Table 4.1. For any given variable, the time 

evolution is marked using three background colors: i) a grey left area, corresponding to the 

reactant loading phase (step 2); ii) a white central area, corresponding to the reaction phase 

(step 3); and iii) a grey right area, corresponding to the product discharge phase (step 5). Paired 

analysis of the loadings and scores plot (Bro and Smilde, 2014) helps understanding how each 

variable concurs to separating the scores along a particular direction in the scores plot. For 

example, considering the direction along the first PC in the scores plane (left to right in Figure 

(a) (b) 
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4.2a), we can conclude from Figure 4.2b that the batches located in the right-half plane are 

characterized by: 

• lower pressure in the first part of the reaction phase, and higher pressure in the second 

part of the reaction stage (variable no. 1); 

• lower temperature in the first part of the reaction stage, and higher temperature in the 

second part of the reaction stage (variable no. 3); 

• lower temperature of the condensed liquid in the condenser in the reaction stage 

(variable no. 4); 

• longer duration of the reaction stage (variable no. 7). 

Figure 4.3a reports the time profiles of the reactor internal pressure for two historical batches, 

respectively projecting onto the left-half plane (batch no. 18) and the right-half plane (batch no. 

337) of the scores plot. 

 
 

Figure 4.3: (a) Internal pressure profiles from a batch projecting onto the left-half plane of 

Fig. 4.3a (batch no.18) and a batch projecting onto the right-half plane of Fig. 4.3a (batch 

no.337). (b) MPCA model scores of Figure 4.2a designated according to whether they are 

regular or abnormal. 

It is observed that batch no.18 internal pressure follows the recipe described in Section 4.2 

correctly, while batch no.337 shows an abnormal pressure profile, with two spikes in the first 

quarter of the batch duration. This indicates that vacuum was broken (and then reinstated) in 

that batch before reaching the end of the reaction stage. Confirming the conclusions drawn from 

the loadings analysis, batch no.337 have a longer duration than batch no.18 (Figure 4.3a), and 

higher internal pressure during the reaction phase (namely, in-between the initial decreasing 

ramp and the final step increase). Since loss of vacuum is an abnormal event, an algorithm to 

automatically identify all historical batches with a reactor pressure profile qualitatively similar 

to the one of batch no.337 was developed. The relevant batches were denoted as “abnormal”, 

to distinguish them from the “regular” ones, where the vacuum breakage event did not occur. 

It was found that the abnormal batches amount to as much as 40% of the historical batches. 

(a) (b) 
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The regular and abnormal batches were then identified in the scores plot, obtaining the results 

of Figure 4.3b. We notice that most of the abnormal batches are projected onto the right-half 

plane, whereas most of the regular ones are lying in the left-half plane, i.e., the separation 

between regular and abnormal batches occurs along the first PC. Therefore, we conclude that 

the difference between regular and abnormal batches acts as the strongest source of variability 

within the historical dataset. 

Discussion with the process experts revealed that the abnormal pressure profiles observed in 

the historical dataset are related to the intervention of the reactor safety interlock system. In 

fact, the occurrence of particular combinations of operating conditions in the reactor can trigger 

the intervention of specific interlocks, each of which acting by breaking the vacuum and 

blanketing the reactor with nitrogen. The triggering of all potential interlocks was therefore 

monitored through a dummy variable across a set of new batches, and this enabled the 

identification of one interlock that did not work properly. This specific interlock was therefore 

reconfigured, and a new campaign of batches was initiated to validate the finding and assess its 

impact on the distribution of the batch length across the campaign. 

4.4.1 Validation 

After reconfiguration of the reactor safety interlock system, 8 months of operating data 

(corresponding to 635 new batches) were collected from the data historian. Less than 2% of the 

batches of the validation campaign resulted to be affected by a vacuum loss event, thus 

confirming that the interlock system reconfiguration was effective. In terms of distribution of 

the batch lengths across the validation campaign, Figure 4.4 shows that a unimodal distribution 

is obtained, with a peak value of 58 min. The distribution is also narrower, ranging between 

49 and 120 min. Therefore, reconfiguration of the safety interlock system resulted in a 29% 

reduction in average batch length.  

 
Figure 4.4. Distribution of the time duration of step 3 in reactor R1 after reconfiguration of 

the safety interlock system. The vertical red line is the mean of the distribution. 
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Overall, this amounted to an 8% reduction of the overall cycle time, with a related saving in 

the energy expenses. Furthermore, it was estimated that an abnormal batch requires 25% more 

nitrogen than a regular batch. 

Considering that the abnormal batches were 40% of the total number of the historical batches, 

and assuming that only 2% of the batches of new production campaigns remain abnormal, 

reconfiguration of the safety interlock system also resulted in a 11%  saving on nitrogen 

expenses. 

4.5 Conclusions 

Analytics on historical data for this semi-batch manufacturing process, coupled to engineering 

understanding on the manufacturing process, allowed us to uncover the existence of an 

abnormal behavior in 40% of the batches in historical manufacturing campaigns. The abnormal 

batches did not terminate unsuccessfully, but simply took longer to complete than the other 

batches. Since this did not have an impact on the product quality, they went almost unnoticed, 

and therefore did not trigger any specific action. However, the longer duration increased the 

energy expenditure (hence, the operating expenses) per unit of product manufactured. Data 

analytics was central to find that the cause of the abnormal behavior was the anomalous 

intervention of one interlock in the reactor safety system, which (under particular conditions) 

caused vacuum in the reactor to be broken by nitrogen blanketing; this required subsequent 

vacuum reinstatement to recover the process conditions and to end the batch successfully. 

Reconfiguration of the safety interlock system allowed us to shorten the average batch length 

by 29%, and the overall process cycle time by 8%. Furthermore, an 11% reduction on the 

nitrogen consumption was obtained. 
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Chapter 5 

Development of automated approaches 

for batch alignment and phase partition 

for batch end-point estimation* 

In this chapter a methodology for automating two challenging steps in the preprocessing of 

batch data in the development of batch-end point estimation models (soft sensors or classifiers), 

namely batch alignment and phase partition is presented. The proposed methodology aims at 

aiding the practitioner at carrying out batch alignment and phase partition with the aim of 

maximizing the performance of the developed models. Two processes are considered as test 

beds for the proposed methodology, a real industrial process for the production of an 

intermediate for polymer additives and a process for the manufacturing of penicillin simulated 

through the benchmark simulator Pensim. The performance of the proposed methodology are 

compared with other state-of-the-art batch alignment methodologies in terms of model 

performance and computational burden. Furthermore, the sensitivity of the proposed 

methodology to normal variability in the data and to the number of calibration batches is 

assessed. 

5.1 Introduction 

Many high value-added products (e.g. specialty chemicals, (bio)pharmaceuticals, food, 

semiconductors) are obtained by batch processing. Batch processes are run through a recipe, 

i.e., a sequence of elementary finite-duration processing steps (such as charge, heat up, stir, 

react, cool down, hold, discharge). Each step is characterized by a given set of operating 

conditions, and is typically triggered by the occurrence of events (e.g., enough reactant has been 

fed; temperature reaches a given value; torque exceeds a threshold). Flexibility is a key 

characteristic of batch manufacturing: by adjusting (either directly or indirectly) the length of 

the processing steps, a batch process can accommodate variability in the raw materials, 

operating conditions, and status of the equipment and of the utilities, thus delivering a product 

that can meet the assigned quality target. As a consequence, a set of batches is often 

 
* Sartori F., Facco, P., Zuecco F., Bezzo F., Barolo M. (2023), Optimal indicator-variable approach for trajectory 

synchronization in uneven-length multiphase batch processes. Ind. Eng. Chem. Res. 62, 18511-18525. 



52  Chapter 5 

© 2023 Francesco Sartori, University of Padova (Italy) 

 

characterized by an uneven duration between batches, even if all batches manufactured a 

product that meets the specification. 

From the quality control point of view, most batch processes are run at open loop, meaning that 

quality is assessed only on the end-product at the end of a batch. Depending on the industrial 

domain, if an off-spec product is detected the batch may be rejected, or reworked, or progressed 

with a warning to the downstream process that further processes that product. When product 

quality cannot be measured conveniently (e.g., because a field sensor is not available, or lab 

analysis takes long to complete), end-point quality assessment is aided by models, which use 

time-resolved measurements from the plant sensors to either estimate the end-point product 

quality (models as soft sensors) or simply discriminate between on-spec and off-spec products 

(models as classifiers). Multivariate statistical methods, such as projection onto latent stuctures 

(PLS; Geladi and Kowalski, 1986; MacGregor et al., 1994; Wold et al., 1984), PLS 

discriminant analysis (PLS-DA; Barker and Rayens, 2003) and their multiway extensions 

(Nomikos and MacGregor, 1995b), offer convenient modeling environments in this context, 

because they are interpretable and preserve time resolution in the available data (Rendall et al., 

2019).  

A crucial aspect when using multiway-PLS or multiway-PLS-DA as modeling platforms for 

quality assessment is that they typically require data alignment, namely equalization (all the 

variables are expressed at the same sampling rate across batches) and synchronization (all the 

landmarks for the variables trajectories are aligned in time across batches (González-Martínez 

et al., 2018). Ad-hoc synchronization techniques, such as truncating the trajectories of all 

batches to the shortest batch length (Rothwell et al., 1998) or extending the length of shorter 

batches by repeating the last measurement (Lakshminarayanan et al., 1996), are simple 

workarounds that can be set up quickly for preliminary dataset screening and analysis, but may 

provide ineffective data modeling (Rendall et al., 2019). A more effective, yet still simple, 

synchronization strategy consists in nonlinearly mapping time to an indicator variable (IV; 

Nomikos and MacGregor, 1994), namely to a measured variable that i) progresses 

monotonically in time, ii) has a favorable signal-to-noise ratio (García-Muñoz et al., 2003; 

Ündey et al., 2003), and iii) has the same starting and ending values for all batches. The IV is 

to be selected by the user based on process knowledge (García-Muñoz et al., 2011; Kourti, 

2003). It may not exist for an entire batch, but can exist for single time windows wherein the 

measured variables have similar correlation structure. Each such window is called a batch phase 

(not to be confused with a batch processing step). The IV approach for trajectory 

synchronization is very popular and proved effective in a number of applications (Barton et al., 

2021; Brunner et al., 2020; García-Muñoz et al., 2003; Kourti et al., 1996; Krause et al., 2015; 

Neogi and Schlags, 1998). However, when several potential IVs exist, it may not be obvious 

which one is the most appropriate to choose. Furthermore, partitioning a batch into phases is a 

challenge in itself(Guo and Jin, 2019; Lu et al., 2004; Luo et al., 2016; Zhang et al., 2018), 
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because phases do not necessarily match the occurrence of physical events in a process (i.e., 

phases do not necessarily match processing steps). Finally, phase partitioning and batch 

synchronization have been mostly regarded as two independent activities, despite the fact that 

they are both functional to the model that needs to be developed. Indeed, both phase partitioning 

and batch synchronization are known to have a strong impact on the model performance 

(González-Martínez et al., 2018; Zhao, 2014). 

Advanced synchronization techniques exist that do not use an IV for synchronizing batch 

trajectories. Dynamic time warping (DTW; Kassidas et al., 1998), correlation optimized 

warping (COW; Fransson and Folestad, 2006; Nielsen et al., 1998), and multisynchro (MS; 

González-Martínez et al., 2014) are the most popular among them. DTW synchronizes two 

trajectories by translating, compressing and expanding them so that similar features within them 

are matched. The method is inherently multivariate, since it does not rely on a single variable 

to perform the synchronization. However, it requires selecting a reference batch the 

synchronized ones should be matched to; furthermore, its computational burden scales badly 

with the dataset size (namely, with the number of time points characterizing each trajectory; 

Zhou and Wong, 2008). Finally, DTW is known to generate artifacts when some batches are 

significantly shorter than the chosen reference (José M. González-Martínez et al., 2014). COW 

is based on maximizing the correlation between two trajectories, and is less computationally 

demanding than DTW. However, it is univariate by design, because each variable is 

synchronized separately from the others. Moreover, it can generate artifacts, and requires 

identifying a reference batch and using it for synchronizing all other batches (Lu et al., 2016). 

MS aims not only at minimizing a defined distance between a reference batch and the other 

batches in a dataset, but also at removing particular asynchronous behaviors that it can identify 

among batches (e.g., incomplete batch runs; delayed measurement collection; natural 

variability). Arguably, it is the most advanced batch synchronization algorithm proposed to 

date, it is based upon DTW, and can therefore be computationally intensive. 

It is to be noted that some multivariate statistical techniques, such as PARAFAC2 (Luo et al., 

2016) and GHOPLS-CP (Luo et al., 2015), can deal with time-resolved data from uneven-

length batch processes without the need for batch synchronization. However, these techniques 

are computationally inefficient (Tian et al., 2018; Yu et al., 2021; Zhang et al., 2018) and more 

sensitive to noise (Amigo et al., 2008) with respect to multiway PLS and multiway PLS-DA. 

On the other hand, when retaining time resolution is not a requirement, one can resort to feature-

oriented data analysis (He and Wang, 2011; Rato et al., 2017; Rendall et al., 2017a), which 

does not require batch synchronization. 

In this study, we propose an optimal IV approach (IVopt) for trajectory synchronization in 

uneven-length multiphase batch processes. The ultimate aim is building an effective 

multivariate statistical model for end-point quality assessment once a batch is terminated. The 

idea behind IVopt is that phase partition and trajectory synchronization are carried out 
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simultaneously, rather than disjointly, using an optimization framework based on surrogate 

modeling, with the aim of maximizing the performance of the product quality assessment model 

that is under development. Within this approach, we resort to surrogate optimization in order 

to find the optimal phase partition parameters, and we propose a novel methodology for 

automatic identification of the most appropriate IV within each batch phase. We challenge 

IVopt against standard and advanced synchronization strategies, namely trajectory truncation 

(TR), trajectory extension (EXT) with mean values, IV (with a-priori phase partitioning and IV 

selection based on engineering judgment), DTW, COW, and MS. We use two case studies as 

test beds: an industrial fed-batch process for the manufacturing of a specialty chemical, and a 

simulated fed-batch process for the manufacturing of penicillin (Birol et al., 2002). 

5.2 Proposed optimal indicator-variable synchronization 

methodology 

Figure 5.1 shows a flow-chart of the proposed IVopt approach for trajectory synchronization in 

uneven-length multiphase batch processes. The methodology iteratively adjusts the set 𝛏 =

[𝑁, Λ, 𝑉] of parameters defining the partitioning of the available batches into phases until the 

resulting quality assessment model is optimal in some sense (to be discussed later). The 

distinguished features of the IVopt algorithm are the following: 

• phase partition is targeted to optimal model-based quality assessment; namely, phase 

partition, batch synchronization and quality assessment are not disjoint activities; 

• the most appropriate IV for trajectory synchronization within each phase is identified 

automatically; 

• a surrogate optimization approach is used to iteratively update the phase partition 

parameters. 

Eventually, IVOpt returns both the optimal set 𝛏opt of phase partition parameters, and the most 

appropriate IVs to be used for batch synchronization. New batches can then be synchronized 

using this information. Next, we discuss the main steps along which the proposed methodology 

develops. 

5.2.1 Automatic phase partition revisited 

Automatic phase partition is done following the methodology illustrated in Section 3.1.5.2. 

However, we found that the use of a switch control limit as defined in (3.26) may suffer from 

noise when the signal-to-noise ratio is not high enough. To attenuate the impact of noise in 

phase identification, the information from the values of 𝛿𝑘 calculated after Λ movements of the 

moving window is included in the calculation of an adaptive control limit: 
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 𝜎𝑘 =
1

𝑘
∑𝛿𝑧

𝑘

𝑧=1

      , (5.1) 

which therefore includes not only the last Λ calculated values of 𝛿𝑘, but all the values from the 

beginning of the current phase. Upon application of the phase partition methodology to all 

batches in 𝐗B , the optimal set 𝛏opt  of phase partition parameters is found, from which the 

distribution of the number of phases identified across all batches is obtained. The mode of this 

distribution is set as the actual number 𝛷̅ of phases to be used for all batches. If, for a given 

batch 𝑖, the number of identified phases is 𝛷𝑖 ≠ 𝛷̅, then that batch is forced to partitioning into 

𝛷̅ phases by assigning phase switch time points equal to the average of the phase switch time  

 
Figure 5.1. IVopt: flow chart of the proposed optimal indicator-variable approach for 

trajectory synchronization in uneven-length multiphase batch processes. 
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points obtained for all the batches for which 𝛷𝑖 = 𝛷̅ is found. Note that this typically occurs 

for a limited number of batches only. 

5.2.2 Automatic indicator variable identification and batch 

synchronization 

We propose a methodology that automatically returns an appropriate IV for each of the 𝛷̅ 

phases identified across the entire 𝐗B dataset. For a given phase, the methodology identifies a 

given process variable as a candidate IV if it simultaneously fulfills the following three 

conditions: i) it is monotonic, ii) it has a sufficiently high signal-to-noise ratio, and iii) it has 

approximately the same initial and final values across all batches in 𝐗B. Next, we discuss how 

fulfillment of the conditions is assessed for a given phase and a given variable. 

Condition i) is assessed by performing a Mann-Kendall test for monotonicity (Gilbert, 1987). 

The test returns a Yes/No condition (at 0.05 significance level) to the null hypothesis that the 

trend of the given variable is non-monotonic. 

In order to assess if condition ii) is fulfilled, the variable is first detrended by subtracting the 

best straight-line fit from the variable (as implemented in Matlab R2020a); then, the standard 

deviation of the detrended variable is compared to the range of the non-detrended one: if the 

standard deviation is smaller than the range, then the signal-to-noise ratio of the variable is 

deemed acceptable. An F-test (at 0.05 significance level) is carried out to verify that the 

variance of the detrended variable and the variance of the non-detrended variable are 

statistically different. 

Finally, condition iii) is met for the variable under investigation if both the following 

inequalities are satisfied: 𝑅 > 𝜎𝑖 and 𝑅 > 𝜎𝑒, where 𝑅 is the range of the variable values in the 

phase, and 𝜎𝑖 and 𝜎𝑒 are the standard deviations of the phase initial and end points, respectively. 

The actual IV among all the identified candidate IVs for a given phase is selected as the one for 

which the Mann-Kendall test is satisfied more strongly (smallest average p-value across all 

batches). If no process variable is identified as a candidate IV using the above approach for a 

given phase, time is used as the IV for that phase, since time always fulfills the first two 

conditions, and in most cases also the third one (at least to some approximation). 

Once an IV is identified for each phase, the batches are synchronized in a phase-by-phase 

fashion using the IV approach (García-Muñoz et al., 2003). 

5.2.3 Product quality assessment and loss function calculation 

Product quality assessment is done through a soft sensor or a product classifier by building a 

PLS or a PLS-DA model (respectively) on the synchronized batches. The relevant loss functions 

in 10-fold cross validation (𝑅𝑀𝑆𝐸𝐶𝑉 and (1 − 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦), respectively) are then calculated. 
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5.2.4 Phase partition parameters update by surrogate optimization 

As noted earlier, the resulting phase partition (hence, the performance of the quality assessment 

model) strongly depends on the set 𝛏 = [𝑁, Λ, 𝑉] of parameters used within the phase partition 

methodology. The IVopt algorithm optimizes the selection of 𝛏 by minimizing the loss function 

ℒ(𝛏) associated to the quality assessment model. The optimization problem can be formulated 

as 

 min
𝛏
ℒ(𝛏) 

 

subject to: 
 
𝑙𝑏𝑁 ≤ 𝑁 ≤ 𝑢𝑏𝑁  ,     𝑙𝑏Λ ≤ Λ ≤ 𝑢𝑏Λ  ,    𝑙𝑏𝑉 ≤ 𝑉 ≤ 𝑢𝑏𝑉 

(5.2) 

 

where 𝑙𝑏𝑧 and 𝑢𝑏𝑧 denote the lower bound and the upper bound of parameter 𝑧. 

We solve the optimization problem using surrogate optimization (Gutmann, 2001). Further 

details on surrogate optimization can be found in Section 3.2. 

5.3 Case studies 

Two case studies are considered to test the proposed IVopt framework: an industrial batch 

process for the manufacturing of a specialty chemical, and a simulated fed-batch process for 

the manufacturing of penicillin. Next, we provide details about them. 

5.3.1 Case study #1: industrial fed-batch manufacturing of a specialty 

chemical  

Figure 2.5 shows the piping and instrumentation diagram of the industrial fed-batch process 

under investigation (Reaction 2 in Figure 2.2), where product P (actually, an intermediate used 

in the manufacturing of a polymer stabilizer) is obtained in jacketed reactor R5 (6.5 m3 volume) 

from the following catalytic reaction (2.2), where species B is a liquid reactant, species D is a 

gaseous reactant, and G is the desired species. Product P is mainly made of G, traces of 

unreacted B and other subproducts. The manufacturing recipe is quite complex, and can be 

summarized by the following finite-length operating steps: 

• Reactor R5 is set up for a new batch. 

• Reactant B and catalyst are loaded into R5. 

• R5 is blanketed with nitrogen. 

• Reactant D is fed to R5 and pressurizes it until an assigned pressure is reached; after that, 

the feed is stopped, and the reaction is allowed to proceed for an assigned amount of time. 
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The profile through which B is fed depends on several factors and is quite complex, 

resulting in a very strong variability of this phase. 

• R5 is vented. 

• R5 is blanketed with nitrogen. 

• Product P is discharged from R5 to a downstream plant section, where it is further 

processed. 

Too large an amount of unreacted B in P can be an issue for quality, because P is used as a 

reactant in a downstream unit, and an excess of B can downgrade the optical properties of the 

final product. A lab assay of P is taken for some batches only. Real time measurements of some 

process variables are available as listed in Table 5.1. 

Table 5.1. Case study #1: variables measured in real time. 

Variable no. Variable name 

1 Totalized reactant D fed 

2 Reactant D flow rate 

3 Reactant D flow rate controller output 

4 R1 internal absolute pressure 

5 R1 internal pressure controller output 

6 R1 internal pressure controller 2 output 

7 R1 internal temperature 

8 R1 internal temperature controller output 

9 R1 internal temperature difference controller output 

10 Time 

 

From the data historian, a set of 52 batches (completed across years 2020 and 2021) are 

collected for which the end-point quality (in terms of concentration of B in P) is measured. 

Within this dataset, the batch length ranges between 7 h and 19 h. The measured variables are 

downsampled to one every 2 min. The dataset is split in 36 calibration batches (24 batches 

ending up in a “good” product, and 12 batches ending up in a “bad” product) and 16 validation 

batches (10/6 good/bad). 

The quality assessment model is required to classify the quality of product P as either good or 

bad, once a batch is come to an end, using the time-resolved measurements of the variables 

listed in Table 2. A multiway PLS-DA model is developed to this purpose. 

5.3.2 Case study #2: simulated fed-batch manufacturing of penicillin  

We consider a fed-batch fermentation process that manufactures penicillin. The process is 

simulated using Pensim (Birol et al., 2002), a software used in several process control and 

monitoring studies (Birol et al., 2002; Reis et al., 2021; Wan et al., 2014). 

Figure 5.2 shows a simplified piping and instrumentation diagram of the process. 
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Figure 5.2 Case study #2: simplified piping and instrumentation of the simulated process for 

the manufacturing of penicillin 

The penicillin manufacturing recipe is based on two processing steps: 

1. A batch culture step, where the reactor is initially loaded with Penicillium Chrysogenum 

and glucose from tank T4, and the reaction starts; this step ends when the concentration of 

glucose in reactor R2 drops below an assigned threshold; 

2. A fed-batch step, where pH is automatically controlled through the addition of acid from 

tank T2 and base from tank T3; during this step, glucose and air are fed constant rates. The 

end-point condition is reached when the total volume of glucose fed to R2 during this step 

reaches 14 L(Sun et al., 2011). 

Real time measurements of some process variables are available as listed in Table 5.2. 

Table 5.2 Case study #2: variables measured in real time. 𝑠𝑡𝑑𝑒𝑣  is the 

standard deviation of a zero-mean normal distribution of random numbers. 

Variable no. Variable name Units 𝒔𝒕𝒅𝒆𝒗 

1 Dissolved oxygen g/L 0.0067 

2 Bulk volume L 0.033 

3 pH [-] 0.0167 

4 Temperature K 0.17 

5 Glucose feed rate L/h 0.17 

6 Aeration rate L/h 0.0834 

7 Agitator power W 0.17 

8 Glucose feed temperature K 0.17 

9 Jacket water flow rate L/h 0.83 

10 Cumulated base flow  L 3.33 ∙ 10−6 
11 Cumulated acid flow  L 3.33 ∙ 10−7 

 

Measurement noise is simulated in the form of additive random numbers sampled from a normal 

distribution with zero mean and standard deviation 𝑠𝑡𝑑𝑒𝑣 as indicated in Table 5.2 (Vanlaer et 

al., 2012). Process variability is generated by randomly changing the values of some initial 

conditions and some operating variables, as detailed in Table 5.3. Further variability is 
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generated by assuming that the threshold glucose concentration determining the switch between 

operating steps 1 and 2 randomly varies between 0.3 and 7 g/L. 

Table 5.3 Case study #2: nominal initial conditions, nominal operating 

variables, and variability around them (𝜖 is sampled from a standard normal 

distribution). 

Initial condition Units Nominal value 

Glucose concentration g/L 15 + 𝜖 
Dissolved oxygen % 1.16 

Biomass concentration g/L 0.1 

Penicillin concentration g/L 0 

Culture volume L 150 + 10𝜖 
CO2 concentration mmol/L 0.75 + 0.05𝜖 
Hydrogen ion concentration mol/L 10−5+0.1𝜖 
Fermentor temperature K 298 

Generated heat kcal/h 0 

   

Operating variable Units Nominal value 

Aeration rate L/h 8 

Agitator power W 30 + 𝜖 
Glucose feed rate L/h 0.04 + 0.0025𝜖 
Glucose feed temperature  K 296 

Culture volume L 150 + 10𝜖 
pH [-] 5 

Fermentor temperature K 298 

 

A set of 300 batches is generated. Within this dataset, the batch length ranges between 345 and 

479 h. The variables measured in real time are sampled every 0.5 h. The dataset is split in 250 

calibration batches and 50 validation batches. The quality assessment model for this case study 

is required to estimate, at the end of a batch, the end-point penicillin concentration using the 

time-resolved measurements in Table 5.2. A multiway PLS model is developed to this purpose. 

5.4 Results  

We benchmark IVopt against DTW, COW, TR, EXT, IV, and MS for the two case studies 

illustrated in the previous section. The software used for carrying out DTW and MS is the 

MVBatch toolbox (González-Martínez et al., 2018), the software implementing the other 

methodologies has been developed in-house. When applying the IV, IVopt, DTW, MS and 

COW methodologies, the warping profile is appended to the synchronized dataset as it contains 

relevant information (García-Muñoz et al., 2003). The batch synchronization methodologies 

are compared in terms of performance of the relevant quality assessment model and 

computational cost. For a given batch, IVopt is applied using the automatic phase partition 

methodology as discussed in Section 5.2.1; DTW, COW, MS, TR and EXT are applied without 

any phase partition, and IV is applied by partitioning a batch into processing steps rather than 
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into phases. The computation time refers to the use of a laptop computer equipped with an Intel 

Core i7-9750H 2.60GHz CPU and 32 GB of RAM. 

5.4.1 Results for case study #1 

With reference to IVopt, the initial phase partition parameter guesses are 𝑁 = 1.08, Λ = 11, 

and 𝑉 = 10, and the following constraints are enforced in the surrogate optimization algorithm: 

1 ≤ 𝑁 ≤ 4, 2 ≤ Λ ≤ 15, and  5 ≤ 𝑉 ≤ 35. The maximum number of iterations is set to 100. 

The algorithm returns a 10-fold cross-validation accuracy of 92% (with 2 latent variables) in 

the calibration dataset at 𝑁 = 2.3,  Λ = 5, and  𝑉 = 15. 

Using the optimal phase partition parameter set, the classification accuracy for the validation 

dataset is 100%, meaning that all validation batches are classified correctly. A comparison of 

the product quality classification results obtained for the validation dataset for the batch 

synchronization methods considered in this study is shown in Figure 5.3 (the reported optimal 

number of latent variables is determined by cross-validation using the calibration dataset). 

IVopt outperforms all other synchronization methodologies except IV (which, however, 

requires assigning manually both the phase partitioning and the indicator variable within each 

phase). Some synchronization methods (namely EXT and COW) lead to poor classification 

accuracy. It is somewhat surprising that DTW is performing better than MS, given that, 

according to the MS algorithm, DTW alignment is selected when this is the most appropriate 

method to apply. 

 

Figure 5.3 Case study #1. Classification accuracy obtained in prediction using the validation 

dataset for different batch synchronization methodologies (the numbers in parenthesis 

indicate the optimal number of latent variables as determined by cross-validation using the 

calibration dataset). 

Despite the fact that as many as 7 operating stages exist, IVopt returns a batch partitioning into 

only three phases. Figure 5.4a shows the time profile of the flow of reactant D to reactor R5 for 

a representative batch together with the phase partitioning returned by IVopt. The partitioning 
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is physically meaningful: the phase switching points correspond roughly to the time points 

when the flow rate of D starts to be greater than zero, and then returns close to zero. The 

automatically selected indicator variables are time for phase 1, and the totalized amount of 

reactant D fed to R5 for both phase 2 and phase 3. The time profiles of the gain index 𝛿𝑘 and 

its threshold value Θ𝑘 are illustrated in Figure 5.4b. It can be seen that both of them get adjusted 

as the batch progresses; when 𝛿𝑘 values are consistently greater than the corresponding values 

of Θ𝑘, a phase switch occurs. 

 

(a) 

 

(b) 

Figure 5.4 Case study #1, representative batch. (a) Phase partition obtained by the IVopt 

methodology: time profiles of the (dimensionless) flow rate of reactant D; (b) time evolution 

of the 𝛿𝑘 and 𝛩𝑘 parameters. 

Figure 5.5 compares the computer time required to carry out batch synchronization for all 

methods. Although the time required by IVopt is significantly greater than the one required by 

any of the other methods, it is nevertheless very short (5 min). Computationally demanding 

methods like DTW and MS require less than 1 min to run (hence, much less than IVopt), 

because the dataset to be analyzed has quite a small size (on average, ~250 samples per 
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measured variable in a batch). However, these methods scale badly with the dataset size, as will 

be shown for case study #2. 

 

Figure 5.5 Case study #1. Time required to carry out the synchronization of the calibration 

dataset trajectories using different techniques. 

The synchronization results are illustrated in Figure 5.6 for all synchronization methods, with 

reference to the profiles of the flow rate of reactant D (variable no. 2) across the calibration 

batches. The unsynchronized trajectories are shown in Figure 5.6a. It can be seen that COW 

(Figure 5.6b) struggles to obtain an effective synchronization for some batches. DTW (Figure 

5.6c) and MS (Figure 5.6d) effectively minimize the differences between the trajectories. 

However, to achieve this they introduce distortions in some trajectory segments, particularly 

when a strong compression is applied; these distortions appear as horizontal segments for 

several trajectories, approximately located between synchronized time 50 and 100. IV (Figure 

5.6e) and IVopt (Figure 5.6f) work differently from the other synchronization methods. Recall 

that IVopt selects the totalized volume of reactant D as the indicator variable during phase 2 

and phase 3. This indicator variable is basically the time integral of the variable shown in Figure 

5.6a. Therefore, the portions of a trajectory with larger values of the reactant D flow rate within 

phases 2 and 3 are expanded in time (thus magnifying the trajectory differences across batches) 

to maximize the classification accuracy; on the other hand, the portions with smaller values are 

contracted (minimizing such differences), as they have less impact on the classification. 

Therefore, when using IVopt (Figure 5.6f), time is substituted with an indicator variable that is 

nonlinearly related to time itself and is more descriptive of the progress of the process. The IV 

method (Figure 5.6e) works somewhat similarly to IVopt, resulting in a similar classification 

performance. Yet, IVopt performs all operations (phase partition and indicator variable 

selection) automatically. 
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(a) (b) 

 
(c) (d) 

 
(e) (f) 

Figure 5.6 Case study #1. Time trajectories of the (dimensionless) flow rate of reactant D 

(a) without synchronization, and synchronized using (b) COW, (c) DTW, (d) MS, (e) IV, and 

(f) IVopt. 
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5.4.2 Results for case study #2 

The optimization is carried out using 𝑁 = 1.8, Λ = 2, and  𝑉 = 30 as initial guesses, and the 

following box constraints: 1 ≤ 𝑁 ≤ 3 , 1 ≤ 𝜆 ≤ 5 , and 5 ≤ 𝑉 ≤ 100 . The surrogate 

optimization algorithm iterates 300 times yielding the following optimal parameter set: 𝑁 =

1.02, Λ = 1, and 𝑉 = 98. 

 

Figure 5.7 Case study #2. Root-mean squared prediction error using the validation dataset 

for different batch synchronization methodologies (the numbers in parenthesis indicate the 

optimal number of latent variables as determined by cross-validation using the calibration 

dataset). 

Figure 5.7 shows that IVopt provides the best validation results among all synchronization 

methods: the root-mean squared error of prediction is 0.0057 g/L, slightly better than with 

DTW and COW, and considerably better than with MS and EXT. 

IVopt identifies 3 phases (Figure 5.8a). In the (very short) first phase, time is selected as the 

indicator variable, whereas in the second and third phases, the cumulated base flow rate is 

selected as the indicator variable. Figure 5.8 suggests that abrupt changes in pH correspond to 

large variations in the correlation structure of the measured variables (hence, to phase switch), 

as captured by the time profiles of 𝛿𝑘 and Θ𝑘. 

Figure 5.9 clarifies that, whereas the computational time required by IVopt is not negligible 

(~30 min), it is slightly smaller than the one required by DTW (~40 min), and much smaller 

than required by MS (~39 h). 

Comparing Figure 5.5 and Figure 5.9, in the face of a dataset size increase from ~90k data 

entries (case study #1) to ~2M data entries (case study #2), the computational time required by 

IVopt increased by ~6 times, while DTW increased by ~100 times and MS by ~5900 times. 
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(a) 

 
(b) 

Figure 5.8. Case study #2, representative batch. (a) Phase partition obtained by the IVopt 

methodology: time profiles of pH; ( (b) time evolution of the 𝛿𝑘 and 𝛩𝑘 parameters. 

Therefore, IVopt scales with the dataset size much better than these other two advanced 

synchronization methodologies. 

 
Figure 5.9 Case study #2. Computation time required to carry out the synchronization of the 

calibration dataset trajectories using different synchronization techniques. 
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We assessed the sensitivity of the model performance to the number of calibration batches for 

all synchronization methods. Figure 5.10 clarifies that using a smaller number of calibration 

batches leads to a minor loss of performance for all methods, unless very few (namely, 20) 

calibration batches are used. However, IVopt outperforms the other methods also in this 

limiting case, as its root mean square error in cross validation (RMSECV) is the smaller among 

the tested methodology for each number of calibration batches. 

 
Figure 5.10 Case study #2. Impact of the number of calibration batches on the root-mean 

squared prediction error using the validation dataset for different batch synchronization 

methodologies. 

To evaluate the robustness of the phase partition parameters against the inherent variability in 

the data, we tested the optimization results on 50 different (random) splits of the available data 

into calibration/validation datasets. The distribution of the optimal parameters is illustrated in 

Figure 5.11. 

 
(a)(b)(c) 

Figure 5.11 (a) Case study #2. Distribution of the optimal phase portioning parameters for 

50 different splits of the calibration/validation datasets: (a) 𝑁; (b) 𝛬; (c) 𝑉. 

It is observed that 𝑁 (a real number) has a very narrow distribution around 1.0. Parameters Λ 

and 𝑉 (natural numbers) exhibit slightly greater variability, but in most cases Λ is either 1 or 2, 
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and 𝑉 is around 100. We conclude that the results obtained by IVopt are robust to typical 

fluctuations in the data. 

5.5 Conclusions 

This paper presented a novel methodology (called IVopt) for phase partitioning and trajectory 

synchronization in uneven-length multiphase batch processes. The methodology retains the 

effectiveness of a simple trajectory synchronization methodology like the classic indicator 

variable (IV) approach, but improves it in two directions; namely, partitioning into phases and 

selection of the most appropriate IV within each phase i) are performed automatically rather 

than manually, and ii) are carried out simultaneously rather than disjointly, based on an 

optimization framework that maximizes the performance of a model for product quality 

assessment that is to be built using the available datasets. Differently from classic IV and from 

advanced synchronization methodologies like dynamic time warping (DTW), correlation 

optimized warping (COW), and multisynchro (MS), the proposed methodology is process-

agnostic, i.e., it does not require identifying either a reference batch or a reference variable. 

To test the proposed data preprocessing methodology, we considered two datasets, one from an 

industrial process and one from a simulated process. We compared the performance of the 

resulting product quality assessment model when the available data were preprocessed with 

IVopt and with other synchronization strategies, namely trajectory truncation (TR), trajectory 

extension (EXT) with mean values, classic IV, DTW, COW, and MS. IVopt always led to the 

best model performance, both when the model was used as a soft sensor to estimate the product 

end-point quality, and when the model was used as a classifier to discriminate between on-spec 

and an off spec products. In this latter case, also classic IV led to excellent classification 

performance, but partitioning into phases and selection of the most appropriate IV within each 

phase had to be done manually, based on engineering judgment. 

From the computational side, IVopt is more demanding than simple (and less effective) 

strategies like IV, TR and EXT, and also than COW. Compared to other advanced 

methodologies, whenever DTW and MS become computationally intensive, IVopt outperforms 

them, the more so as the number of samples per batch increases. 
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Chapter 6 

Development of guidelines for phase 

partition and batch alignment-free 

methodologies* 

In this chapter a set of guidelines for the implementation of a phase partition and batch 

alignment-free methodology are presented, complete of a clear technique for fault detection and 

a novel approach to fault diagnosis. The methodology, implemented according to the provided 

guidelines, is compared with a traditional batch process monitoring methodology and the two 

are compared both in terms of fault detection strength and detection speed over five case studies 

coming from different industrial sectors. 

6.1 Introduction 

Batch processing is widespread in the industrial sectors where low volumes of high value-added 

products are produced and flexibility is a paramount requirement e.g., due to relevant 

oscillations in the product market demand. Some examples of products include 

(bio)pharmaceuticals, polymers, semiconductors and food. Batch processes are run through the 

cyclic repetition of a sequence of elementary processing steps (raw materials charge, heat up, 

stir, react, cool down, hold, discharge) called recipe, with finite time duration. Each processing 

step is characterized by a given set of operating conditions and it is triggered by the occurrence 

of a specific event. 

Adjustments to the recipe can be used for accommodating some variability entering the process 

(e.g. raw materials, utilities), varying the time duration of each batch and generating uneven-

length batches. Monitoring process operations is necessary in order to provide a safe operating 

environment and manufacture a high-quality product. Typically, distributed control systems 

(DCS) are used for process monitoring, providing the operators a large amount of information 

on the process in a univariate fashion. It is still difficult to detect abnormal process deviations 

and make proper and timely decisions to eliminate them as operators can only focus on a few 

 
* Sartori F., Facco, P., Bezzo F., Barolo M. (2023), On the application of assumption free modelling for multivariate statistical 

batch process monitoring. In preparation. 
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process variables at a time (Ji and Sun, 2022). The intrinsically dynamic and non-stationary 

nature of batch processes renders this task even harder. 

Multivariate statistical process monitoring (MSPM) is a data-driven monitoring approach that 

aims at reducing the number of monitored variables by summarizing the operating conditions 

in a small set of latent variables describing the physico-chemical state of the process (Wise and 

Gallagher, 1996). The main tasks carried out in MSPM are two: (i) uncovering that an anomaly 

is process conditions has happened and (ii) uncovering the nature of the observed anomaly; (i) 

is called “fault detection” while (ii) is called “fault identification and diagnosis” (Joe Qin, 

2003). The modelling activity required for implementing MSPM consists in collecting data 

from several historical batches in normal operating conditions (NOC), calibrating a model with 

these data and then use the model to compare these batches with a new batch in an online 

fashion. 

The multiway extensions of principal component analysis (PCA, Jollife and Cadima, 2016) are 

a commonly adopted modelling methodology for batch process monitoring as they are 

interpretable and preserve time resolution in the available data (Rendall et al., 2019). Fault 

detection is carried out comparing the Hotelling’s T2 statistic and the Q statistic of a new batch 

with the confidence limits of the calibrated model, while fault identification and diagnosis is 

carried out by observing the contributions of the single process variables to these two statistics. 

The application of such methodology to uneven-length batches requires data alignment, 

consisting in equalization (all the variables need to be expressed at the same sampling rate 

across batches) and synchronization (all the landmarks for the variable trajectories need to be 

aligned across batches). Several methodologies for aligning uneven-length batches have been 

proposed, including dynamic time warping (Kassidas et al., 1998) and its counterpart for 

synchronizing online data, relaxed greedy optimized warping (González-Martínez et al., 2011). 

The adoption of these methodologies have some well-known downsides, such as a high 

computational cost with large datasets and the generation of artifacts when some batches are 

significantly shorter than the chosen reference (José M. González-Martínez et al., 2014), and/or 

the starting and ending process conditions are different (González-Martínez et al., 2011).  

Methodologies based on feature extraction from the process variables time trajectories offer a 

workaround to batch data alignment. They are simple methodologies that are able to 

mathematically describe the problem retaining a relatively small dimensionality, however they 

do not describe a process in a time resolved manner. Furthermore, the calculation of the 

extracted feature must be performed when the whole time trajectory of a batch are available, 

their use in real time process monitoring is an open problem (Rendall et al., 2019). 

A challenge faced when using batch-wise unfolded models for monitoring of new batches is 

that only the current and previous measurement are available and measurements at future time 

points are missing. A workaround for this is the use of lagged multivariate models, however, 
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this workaround increase significantly the computational burden required for the modelling 

effort (Camacho et al., 2008b). 

In order to overcome these issues, the assumption-free modelling methodology (Westad et al., 

2015) was proposed. A number of assumptions required to apply standard Multiway-PCA to 

batch process monitoring are relaxed in this methodology: (i) it does not require batches 

alignment (neither equalization nor synchronization; (ii) it does not require batches to have the 

same starting and ending point; (iii) it does not require missing data imputation when doing 

online monitoring. 

The methodology proposed by Westad et al. (2015) is composed of 2 main parts: the modelling 

step, where a common batch trajectory is modelled in the latent space of Multiway-PCA from 

a common start to a common end in chemical/biological time, and the monitoring step, where 

a new batch is monitored comparing it to the common batch trajectory produced in the previous 

step. 

In the modelling step the common batch trajectory is generated through the identification of an 

optimal grid subdividing the latent space in order to identify similar process conditions in each 

of the subdivisions of the grid. An average process operating condition is identified for each 

subdivision, and these discrete average process operating conditions are then interpolated to 

obtain a continuous common batch trajectory. In the monitoring step a new batch is projected 

on the latent space and its distance from the common trajectory is calculated. 

Unfortunately, neither the optimization problem to be solved to find the optimal grid, nor an 

algorithm solving the problem are available in literature. Furthermore, in the original work by 

Westad et al. (2015) it is recommended to use a linear or nonlinear interpolant to generate the 

common batch trajectory, however, no indications on when using an approach or the other are 

given. No indications are given as well regarding fault detection and fault identification and 

diagnosis through assumption-free monitoring. Lastly, no systematic comparison of 

assumption-free monitoring with a state-of-the-art monitoring methodology has been done to 

assess whether the methodology represent a real improvement with respect to previously 

available methodologies. 

Although the assumption-free modelling methodology did not attract a wide interest in the 

scientific community (the original paper received 10 citations), it is known that this 

methodology is adopted in the industrial practice (Bano, 2023) and it is implemented in the 

commercial software Aspen Unscrambler. 

In this study we propose guidelines for the practitioner to effectively implement the assumption-

free monitoring methodology, filling in the gaps left in the original work. A mathematical 

formulation of the optimization problem that is to be solved to find the optimal grid for 

assumption-free modelling is proposed together with an algorithm solving it in a particular case 

well suited for practical applications. A comparison of the performance of two interpolant 

functions (linear and spline) for calculating the common batch trajectory is provided to 
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understand if higher degree interpolant functions have advantages with respect to a linear 

interpolation, which is the first choice to be made according to the parsimony principle. A 

method for carrying out fault detection together with a novel methodology for carrying out fault 

identification and diagnosis based upon a modified version of the Hotelling’s T2 contributions 

called relative 𝑇2 contributions. 

Lastly, a comparison between assumption-free monitoring and a state-of-the-art methodology 

based on Multiway-PCA is carried out on 5 case studies, a simulated SBR rubber 

polymerization process (Nomikos and MacGregor, 1994), an industrial LDPE batch 

polymerization process (Nomikos and MacGregor, 1995b), a simulated Saccharomyces 

Cerevisiae fermentation process (González-Martínez et al., 2018), a simulated penicillin 

fermentation process (Birol et al., 2002) and an industrial herbicide production process (García-

Muñoz et al., 2003). 

6.2 Guidelines for the implementation of the assumption-free 

monitoring methodology 

In this section, clear guidelines for the implementation of the assumption-free monitoring 

methodology will be given, analyzing each step of the algorithm described in Section 3.1.5.3. 

6.2.1 Variable-wise unfolding 

In this step, calibration data are unfolded in the variable direction, obtaining a 2-dimensional 

matrix that can be modelled through PCA. 

6.2.2 Data preprocessing 

In this step, the variable-wise unfolded data are preprocessed in the most appropriate way. In 

case the preprocessing technique is not specified, the authors recommend the practitioner to 

apply autoscaling to the data as it is the most commonly used approach for preprocessing data 

for latent variable modelling. 

6.2.3 PCA modelling 

In step 3 a PCA model is calibrated on the data unfolded in step 1 and preprocessed in step 2 

(Wold et al., 1998). In the original work by Westad et al. (2015) it is suggested to find the 

optimal number of PCs by cross-validation across batches. The authors of this study recommend 

limiting the maximum number of PCs to 2 when calibrating PCA for assumption-free 

modelling. The reasons behind this choice will be cleared in the next sections. 
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6.2.4 Grid optimization 

Step 1 of the algorithm consists in finding a grid that can model the batch trajectory in the best 

way. The optimality criterion suggested in Westad et al. (2015) is to choose the grid that gives 

the most grid elements. A formulation of the optimization problem that needs to be solved to 

find the optimal grid is the following: 

 

max
𝐧𝐜
n(Vc) 

s. t. 

Vc = {G𝛟, 1 ≤ 𝜙𝑖 ≤ 𝑛𝑐,𝑖, 𝑖 < 𝐴|∃𝐭
T  ∈ G𝛟 ∩ b ∀ b ∈ B1} 

G =∏[𝑔l,𝑖𝑖, 𝑔u,𝑖𝑖]

𝐴

𝑖𝑖=1

 

b𝑛 = {𝐭
T|𝐭T ∈ calibration batch 𝑛} 

B = {b1, … , bn} 

B1 ⊆ B 

n(B1) = 𝛽n(B) 

∑ n({𝐭T ∈ G𝛟,𝒊𝒊𝒊, G𝛟,𝒊𝒊𝒊 ∈ Vc}) ≥ 𝛼𝑁 

n(Vc)

𝑖𝑖𝑖=1

 

𝑔l,𝑗 ≤ min(𝐭𝑗) ,      1 ≤ 𝑗 ≤ 𝐴 

𝑔u,𝑘 ≥ max(𝐭𝑘) ,      1 ≤ 𝑘 ≤ 𝐴 

0 < 𝛽 ≤ 1,      0 < 𝛼 ≤ 1     , 

 

(6.1) 

where n(∗) represents the number of elements of a set, Vc is the set of valid cells, 𝐧𝐜[𝐴 × 1] is 

the vector containing the number of subdivisions of grid G along each PC, G𝛟 is the cell of grid 

G at position 𝛟, b𝑛 is the set of rows 𝐭Tof matrix 𝐓 belonging to calibration batch 𝑛, B is the 

set of calibration batches, B1  is a subset of B containing a fraction 𝛽 of the number of the 

elements of set B, 𝛼 is a fraction of the number of rows 𝐭T of matrix 𝐓 that must be included in 

the valid cells G𝛟. Some box constraints are defined, the lower and upper boundaries of the 

hyperrectangle G  must be respectively lower than the minimum score and larger than the 

maximum score over each PC. Lastly, both 𝛼 and 𝛽 are bound between 0 and 1. 

Westad et al. (2015) suggest to find the optimal grid performing an exhaustive search through 

a grid-search algorithm, in this study we therefore propose an algorithm that solves the 

optimization problem proposed in (6.1) for 2 PCs, shown in Figure 6.1: 

1. choose the value of parameter 𝛼; 

2. choose the maximum number of cells to be searched for each PC, 𝑀𝑐,1  and 𝑀𝑐,2 , 

respectively; 

3. find minimum and maximum calibration score value for each PC; 
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4. choose grid boundaries 𝐠l and 𝐠u respecting the constraints of (6.1) according to what has 

been found in Step 3; 

5. assign 𝑛𝑐,1 = 1; 

6. assign 𝑛𝑐,2 = 1; 

7. build the grid with 𝐧𝐜 subdivisions and calculate n(Vc); 

8. if 𝑛𝑐,2 is smaller than 𝑀𝑐,2, increment 𝑛𝑐,2 by 1 and return to step 7, else go to step 9; 

9. if 𝑛𝑐,1 is smaller than 𝑀𝑐,1 increment 𝑛𝑐,1 by 1 and return to step 6, else go to step 10; 

10. identify the combination 𝑛𝑐,1, 𝑛𝑐,2 among the one searched with the maximum number of 

valid cells and at least a fraction 𝛼 of scores included in valid cells. 

The boundaries of G, as well as 𝛼 and 𝛽 are user defined. 

It must be noted that using a grid-search algorithm for solving (6.1) for a larger number of PCs 

produces a combinatorial explosion. In fact, the number of combinations tested by the grid-

search algorithm increase exponentially with the number of PCs (e.g., to find the optimal 

subdivision searching from 1 to 10 cells for each of 𝐴 PCs, 10𝐴 combinations must be assessed) 

making the grid-search algorithm become rapidly very computationally expensive. 

6.2.5 Calculation of batch mean value for each valid cell 

In step 5 of the algorithm described in Section 3.1.5.3, the mean of all the scores included in 

each valid cell found in step 4 is calculated, furthermore, the overall mean of the scores of each 

one of the batches included in a valid cell is calculated. 

6.2.6 Calculation of the common batch trajectory 

In step 6 the overall means of the scores of all valid cell calculated in step 5 are interpolated to 

build the common batch trajectory Θ. This trajectory in the latent space represents the average 

conditions of the NOC batches used for PCA model calibration. The use of either a linear 

interpolation or a spline interpolation are suggested in the original work (Westad et al., 2015), 

however, the authors of this study suggest to use a linear interpolation for building the common 

batch trajectory as no benefits from using more complex interpolating functions, such as spline, 

have been observed in the application to the case studies presented in Appendix A. 

6.2.7 Calculation of confidence interval around the common batch 

trajectory 

In step 7 the confidence intervals for 𝑇2  and 𝑄  are calculated around the common batch 

trajectory. In all valid cells, the single-batch means calculated in step 6 are orthogonally 

projected onto the common batch trajectory and the distance of the mean of a batch in a cell 

from the common batch trajectory is assumed to be the length of the segment between the score 

and its projection. In case it is not possible to calculate the orthogonal projection of a score on  
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Figure 6.1: Proposed grid-search based algorithm for finding the optimal grid subdivision 

in assumption-free modelling 

a segment, as shown in Figure 6.2, the distance from the score to the overall score mean in that 

valid cell is assumed to be the distance of the score from the common batch trajectory. 

Performing these operations for all available batches in a certain valid cell results in a 

distribution of distances from the common batch trajectory. 
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6.2.8 Estimate the standard deviation around the common batch 

trajectory 

The confidence interval is calculated as the value of the inverse normal cumulative distribution 

function with mean the mean of the distances of the batches mean from the common batch  

 

                                     
(a) (b) 

Figure 6.2: (a) Calculation of the distance from the common batch trajectory (in blue) of a 

score (red circle) that cannot be orthogonally projected on the common batch trajectory). 

(b) Calculation of the distance from the common batch trajectory (in blue) of a score (red 

circle) that can be orthogonally projected on the common batch trajectory). 

trajectory, standard deviation the standard deviation of the batches mean from the common 

batch trajectory and the desired significance. 

6.2.9 Calculate residual distance and its confidence limit for each valid 

cell 

The value of the 𝑄 statistic for each sample belonging to a certain cell is calculated according 

to (3.7). The confidence limit for each valid cell is then calculated applying (3.19) to the values 

of 𝑄 of the samples belonging to the cell. 

6.2.10 Calculate relative time for each sample in the calibration dataset 

In order to calculate the relative time 𝑟𝑡  for each sample in the calibration dataset, a large 

number of points (the authors suggest to consider a number of points in the order of 104) is 

sampled from the common batch trajectory calculated in Section 6.2.6. These points are 

progressively numbered according to the time progression of the common batch trajectory. For 

each sample in the calibration dataset, the closest point among the set of sampled points of the 

common batch trajectory is found. The relative time of that sample will be the fraction (or the 

percentage) between the number of that point on the common batch trajectory and the total 

number of points sampled from the common batch trajectory. 
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As the relative time is a time measurement, the authors of this work suggest to constraint it to 

be an increasing, monotonic function along a single batch. 

6.2.11 Scale and center new observations 

New observations are scaled and centered with respect to the calibration dataset when available. 

6.2.12 Project new observation in the PCA model 

After centering and scaling, in step 12 the new observation is projected on the PCA model 

calibrated in step 3 through (3.9). 

6.2.13 Project new observation onto the common batch trajectory and 

calculate the distance from the common batch trajectory and the 

model 

The score obtained by projecting the scaled and centered sample calculated in step 12 is then 

projected onto the common batch trajectory with the procedure described in Section 6.2.7. Its 

𝑆𝑃𝐸 statistic value is then calculated according to (3.7). 

6.3 Fault detection and diagnosis using the assumption-free 

monitoring technique 

In the algorithm described in the original work by Westad et al. (2015) it is not described how 

fault detection and diagnosis is carried out using the assumption-free monitoring technique as 

the technique is essentially presented as a visual methodology, however, it is known that it is 

industrially used for fault detection and diagnosis (Bano, 2023). 

In this paragraph we propose a methodology for fault detection and diagnosis using the 

assumption-free monitoring technique. 

6.3.1 Fault detection 

The authors of this work suggest to use the 𝑄 statistic and the distance from the common batch 

trajectory confidence limits respectively for fault detection purposes. 

If a consecutive number of samples in a batch violates either the 𝑄  or the common batch 

trajectory distance confidence limit, an alarm is triggered and the batch is considered faulty. 

Adopting the jargon of classification models, the consecutive number of samples must be tuned 

with the target of minimizing false positives, i.e., the number of normal batches classified as 

faulty (Magán-Carrión et al., 2013; Rato et al., 2016; Sanchez-Fernández et al., 2015). 
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6.3.2 Relative contribution plots: fault diagnosis 

In the assumption-free monitoring technique, fault detection is carried out through a dynamic 

control limit calculated along the common batch trajectory and through 𝑄, however, for fault 

diagnosis purposes, when the fault is detected through the dynamic control limit, it is suggested 

to use the standard Hotelling’s 𝑇2 contributions (Westad, 2020). 

When a fault is detected as a deviation from the common batch trajectory (and not as an 

excessive distance from the model plane, through 𝑄), that is a deviation from the average 

conditions at a certain relative time, fault diagnosis is instead conducted by inspecting which 

variables contribute more to the deviation of the conditions of the faulty batch from the overall 

average condition (i.e., the origin of the axes of the latent space) over batches and over time. 

This approach is theoretically incorrect as the operating conditions of batch processes are 

inherently dynamic, therefore comparing the conditions of a batch at a certain relative time with 

the operating conditions averaged over the batch trajectories have no meaning. Furthermore, 

the use of the standard Hotelling’s 𝑇2 contributions in the assumption-free modelling technique 

brings to incoherent results (different fault diagnosis for the same fault) as well as completely 

wrong results, as will be shown in the results section. 

For this reason, we propose the use of novel contributions called the relative 𝑇2 contributions. 

The original variables for each point from the common batch trajectory Θ can be reconstructed 

as 

 𝐗ct = Θ𝐏
T ∙     , (6.2) 

for each point of the common trajectory, its 𝑇2 contributions 𝐭cont,ct
2 T

, is calculated according 

to (6.2). When monitoring a new batch, for each sample its 𝑇2 contribution, is calculated once 

again through (6.2), while its relative time 𝑟𝑡 is calculated as described in Section 6.2.10. The 

relative 𝑇2 contributions is calculated as the difference between the 𝑇2 contributions of the new 

sample, 𝐭cont,new
2 T

 and the 𝑇2 contributions of the common batch trajectory point with the same 

relative time: 

 𝐭cont,rel
2 T

= 𝐭cont,new
2 T

− 𝐭cont,ct
2 T

     . (6.3) 

The relative 𝑇2 contributions as calculated in (6.3) allow to assess which variable contributes 

more to the observed multivariate difference between the new batch conditions and the average 

conditions at the same relative time. 

6.4 Case studies 

In this study the assumption-free monitoring methodology is tested on 5 different case studies 

and its monitoring performance is compared with the performance of a state-of-the-art 
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methodology, batch-wise unfolding multiway PCA. In Table 6.1 the case studies characteristics 

are enlisted. 

Table 6.1. Case studies characteristics 

No. Name 
Process 

type 

Operating 

mode 
Industrial 

Equalized 

data 

Synchronized 

data 

Faulty 

batches 

1 
SBR rubber emulsion 

copolymerization 
Chemical Fed-batch No Yes Yes 2 

2 LDPE polymerization Chemical Batch Yes Yes Yes 1 

3 
Saccharomyces Cerevisiae 

fermentation 
Biological Batch No No No 40 

4 Penicillin manufacturing Biological Fed-batch No Yes No 30 

5 Herbicide crystals drying Physical Batch Yes No No 38 

 

The case studies have been selected for representing a wide range of batch and fed-batch 

processes that may be improved by implementing a data-driven monitoring methodology. 

Furthermore, the processes have a very different range of process duration both in terms of 

available measurement samples and in terms of time duration of the batches. 

 
Figure 6.3 Split of the batches into 3 datasets for comparing the assumption free 

methodology with the BWU MPCA methodology carried out in case studies 3,4 and 5; in 

case studies 1 and 2 the validation dataset was used also as test dataset. 

In case studies 3, 4 and 5, due to the sufficiently large number of batches available, the batches 

were split into 3 datasets: a calibration dataset where the monitoring models are calibrated, a 

validation dataset where the tunable parameters, namely the number of observations out of 

Hotelling’s 𝑇2  statistic confidence limit and the number of observations out of 𝑄  statistic 

confidence limit to trigger an alarm are tuned, and finally an external test dataset where the 
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monitoring performance of the monitoring models are assessed. In Figure 6.3 the datasets 

obtained splitting the batches with the abovementioned approach is shown. 

6.4.1 Case study #1: simulated semibatch styrene/butadiene rubber 

(SBR) emulsion copolymerization 

The process under investigation is the emulsion copolymerization of a styrene/butadiene 

copolymer to make a latex rubber for which a detailed first principle model has been developed 

(Broadhead et al., 1985). The reactor is initially charged with seed SBR particles, initiator 

(S2O8), chain transfer agent (an aliphatic mercaptan), emulsifier (fatty acid soap), water and a 

small amount of styrene and butadiene monomers. Styrene and butadiene are fed to the batch 

at a constant rate for the remainder of the batch duration. The geometry of the reactor is assumed 

to be cylindrical, and the reactor is assumed perfectly mixed. The temperature inside the reactor 

is controlled by manipulating the cooling water flowrate of the jacket. 

The reaction starts with the radical decomposition of S2O8: 

 S2O8 → 2SO4
− ∙     , (6.4) 

 SO4
− ∙ +M → SO4

− + R ∙     , (6.5) 

where R can be either styrene (St) or butadiene (Bu). 

The propagation reactions can happen in the presence of radical monomers: 

 ~St ∙ +St → ~StSt ∙     , (6.6) 

 ~St ∙ +Bu → ~StBu ∙     , (6.7) 

 ~Bu ∙ +St → ~BuSt ∙     , (6.8) 

 ~Bu ∙ +Bu → ~BuBu ∙     . (6.9) 

Radical termination is assumed to occur only in the polymer phase because of chain transfer to 

monomer, polymer or modifier. 

The set of online measured process variables for this case study is shown in Table 6.2. The unit 

of measurement of variables 2 and 3 are not reported for confidentiality reasons. 

Variability in the dataset is obtained by adding noise to the initial charge purity and butadiene 

flowrate, as well as in the feed temperature measurements (Nomikos and MacGregor, 1994). 

Table 6.2. Case study #1: variables measured in real time. 

Variable no. Variable name Units of measurement 

1 Time min 

2 Styrene flowrate  

3 Butadiene flowrate  

4 Feed temperature °C 

5 Reactor temperature °C 

6 Cooling water temperature °C 

7 Reactor jacket temperature °C 

8 Latex density g/L 

9 Total conversion [-] 

10 Net energy released J/min 
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Batch duration is 1000 min and a measurement for the first 8 process variables is available once 

every 5 minutes, while variable 9 and 10 are estimated online from the energy balance around 

the reactor. 

The calibration dataset is constituted of 45 NOC batches while the validation dataset is 

constituted of 8 batches, 6 NOC batches and 2 faulty batches: one having a 30% larger impurity 

contamination in butadiene feed from the beginning of the batch, the other having a 50% larger 

impurity contamination at 500 minutes from the beginning of the batch. 

6.4.2 Case study #2: industrial low-density polyethylene (LDPE) batch 

polymerization 

In this case study an industrial (DuPont) LDPE polymerization process has been considered 

(Nomikos and MacGregor, 1995a). The recipe is constituted of two processing steps, the batch 

duration is two hours. In the first step, reactants and solvent are loaded into the reactor and the 

correct rate of pressure and temperature changes are established. The solvent through which the 

reactants are loaded in the reactor is then vaporized and removed from the reactor. Due to the 

large vaporization rate the reactor is not stirred. After an hour the first processing step ends, and 

the second step starts. During this processing step the polymerization reaction is completed. 

After that, the product is discharged to downstream processing. 

In Table 6.3 are enlisted the online measured process variables. Units of measurement are 

unavailable due to confidentiality reasons. 

Table 6.3. Case study #2: variables measured in real time. 

Variable no. Variable name 

1 Temperature 1 

2 Temperature 2 

3 Temperature 3 

4 Pressure 1 

5 Flowrate 1 

6 Temperature 1 heat/cool 

7 Temperature 2 heat/cool 

8 Pressure 2 

9 Pressure 3 

10 Flowrate 2 

 

100 measurements carried out at regular interval along the duration of each batch are available. 

The calibration dataset is constituted of 50 NOC batches, while the validation dataset is 

constituted of 5 batches, 4 NOC batches and 1 presenting a fault from the beginning of the 

batch. 
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6.4.3 Case study #3: simulated batch manufacturing of Saccharomyces 

Cerevisiae 

We consider a batch fermentation process that manufactures Saccharomyces Cerevisiae. A 

simulator (González-Martínez et al., 2018) which implemented a model for the aerobic growth 

of Saccharomyces Cerevisiae on glucose limited medium is used. A detailed description of the 

model can be found in the work of Lei et al. (2001). According to the model, fermentation is 

carried out in four different steps: (i) lag phase, (ii) first exponential growth phase, (iii) second 

exponential growth phase and (iv) stationary phase. In (i), the microorganism adapts to the 

culture media before starting the reproduction process; this phase usually lasts around 2 hours. 

In (ii) cells are not able to consume the whole amount of glucose present in the medium, hence 

ethanol is produced, and pyruvate and acetate are excreted. At the end of (ii) glucose is 

completely consumed by the growing cells and in (iii) cells start to grow consuming ethanol 

and producing acetate. 

In Table 6.4 the list of real time measured variables for this case study is made available. 

Each batch lasts 35 h in absolute time but the available data are not equalized, hence both the 

number of samples per batch and the sampling rate vary. Variability is added to the initial 

conditions as gaussian noise with a standard deviation equal to 10% of each initial condition 

value, furthermore, low magnitude additive measurement noise has been added to the time 

trajectories of the online measured variables (González-Martínez et al., 2018). 

Table 6.4. Case study #3: variables measured in real time. 

Variable no. Variable name Units of measurement 

1 Glucose concentration g/l 

2 Pyruvate concentration g/l 

3 Acetaldehyde concentration g/l 

4 Acetate concentration g/l 

5 Ethanol concentration g/l 

6 Biomass concentration g/l 

7 Active cell material [-] 

8 Acetaldehyde dehydrogenase [-] 

9 Specific oxygen uptake rate mmol/(g h) 

10 Specific CO2 evolution rate mmol/(g h) 

11 Simulation time h 

 

The calibration dataset is constituted of 40 NOC batches. The mean number of measurements 

for calibration batches is 211, with a standard deviation of 32 measurements. 

Two different types of faults are introduced in validation and test batches at different moments 

in time and with different magnitudes. 

The first type of fault is generated by modifying an internal rate constant associated with the 

reaction describing the glucose uptake system and the glycolytic pathway. This fault does not 

relate to an abnormal behaviour related to specific biochemical changes in the metabolic 
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network, but to an upset in operating conditions that may alter the model kinetics. The second 

type of fault is a sensor fault that introduces a bias in the biomass concentration sensor. 

The validation dataset is constituted of 3 NOC batches and 21 faulty batches, while the test 

dataset is constituted of 2 NOC batches and 18 faulty batches. 

6.4.4 Case study #4: simulated fed-batch manufacturing of penicillin 

A fed-batch manufacturing process producing penicillin is considered. The process is simulated 

using Pensim (Birol et al., 2002). A simplified P&ID of the process is shown in Figure 6.4. 

The recipe for penicillin manufacturing is based on two processing steps: 

1. A batch culture step, where the reactor is initially loaded with Penicillium Chrysogenum 

and glucose from tank T4, and the reaction starts; this step ends when the concentration of 

glucose in reactor R2 drops below an assigned threshold; 

2. A fed-batch step, where pH is automatically controlled through the addition of acid from 

tank T2 and base from tank T3; during this step, glucose and air are fed constant rates. The 

end-point condition is reached when the total volume of glucose fed to R2 during this step 

reaches 14 L (Sun et al., 2011). 

 

 
Figure 6.4 Case study #4: simplified piping and instrumentation of the simulated process for 

penicillin manufacturing 

Real time measurements of some process variables are available as listed in Table 6.5. 

Measurement noise is simulated in the form of additive random numbers sampled from a normal 

distribution with zero mean and standard deviation 𝑠𝑡𝑑𝑒𝑣 as indicated in Table 6.5. Process 

variability is generated by randomly changing the values of some initial conditions and some 

operating variables, as detailed in Table 6.6. Further variability is generated by assuming that 

the threshold glucose concentration determining the switch between operating steps 1 and 2 

randomly varies between 0.3 and 7 g/L. 
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Table 6.5. Case study #4: variables measured in real time. 𝑠𝑡𝑑𝑒𝑣  is the standard 

deviation of a zero-mean normal distribution of random numbers. 

Variable no. Variable name Units 𝒔𝒕𝒅𝒆𝒗 

1 Time h 0 

2 Aeration rate L/h 0.083 

3 Agitator power W 0.167 

4 Glucose feed rate L/h 0.00083 

5 Glucose feed temperature K 0.167 

6 Glucose concentration g/L 0 

7 Dissolved O2 g/L 0.0067 

8 Biomass concentration g/L 0 

9 Penicillin concentration g/L 0 

10 Bulk volume L 0.033 

11 Dissolved CO2 mmol/L 0 

12 pH [-] 0.0167 

13 Fermentor temperature K 0.167 

14 Generated heat cal 0 

15 Acid flow rate L/h 3.3 ∙ 10−7 
16 Base flow rate L/h 3.3 ∙ 10−6 
17 Cooling/heating water flowrate L/h 0.83 

18 Cumulated acid flow rate L 0 

19 Cumulated base flow rate L 0 

20 Cumulated glucose feed rate L 0 

 

The measurements for the online variables are available once every 15 min. The calibration 

dataset is constituted of 30 NOC batches with mean batch length of 200 h (that translates to a 

mean of 800 samples per batch). 

Two different types of faults are introduced in validation and test batches at different moments 

in time and with different magnitudes. 

Table 6.6. Case study #4: nominal initial conditions, nominal operating variables, and 

variability around them (𝜖 is sampled from a standard normal distribution). 

Initial condition Units Nominal value 

Glucose concentration g/L 15 + 𝜖 
Dissolved oxygen % 1.16 

Biomass concentration g/L 0.1 

Penicillin concentration g/L 0 

Culture volume L 150 + 10𝜖 
CO2 concentration mmol/L 0.75 + 0.05𝜖 
Hydrogen ion concentration mol/L 10−5+0.1𝜖 
Fermentor temperature K 298 

Generated heat kcal/h 0 

   

Operating variable Units Nominal value 

Aeration rate L/h 8 

Agitator power W 30 + 𝜖 
Glucose feed rate L/h 0.04 + 0.0025𝜖 
Glucose feed temperature  K 296 

Culture volume L 150 + 10𝜖 
pH [-] 5 

Fermentor temperature K 298 
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The introduced faults are sensor faults of the aeration rate sensor and of the glucose feed rate 

sensor happening in different moments and at different magnitudes in faulty batches. 

The validation dataset is constituted of 7 NOC batches and 20 faulty batches, while the test 

dataset is constituted of 2 NOC batches and 10 faulty batches.  

6.4.5 Case study #5: industrial batch drying for herbicide manufacturing 

An industrial batch drying process for the production of a herbicide is considered in this case 

study. The recipe for the batch drying process has 4 main steps (García-Muñoz et al., 2003): 

1. The batch is loaded with a wet cake with variable mass and unknown solvent content; 

2. the dryer is heated with hot water and the agitator is activated at low speed, a temperature 

increase is observed; 

3. when the required operating conditions are reached, the agitator speed is switched up and 

the temperature increase becomes faster until the maximum temperature is reached: at this 

point the agitator speed is turned down again; 

4. after the temperature peak is reached, the dried product is cooled down while the agitator 

remains active until the product discharge. 

The vaporized solvent is condensed and recovered in a separated tank. 

In Table 6.7 the real time measured variables are enlisted. Units of measurement are not 

available due to confidentiality reasons. 

The dataset was made available by the FMC corporation. 

The calibration dataset is constituted of 28 NOC batches with a mean of 117 samples available 

per batch.  

Table 6.7. Case study #5: variables measured in real time. 

Variable no. Variable name 

1 Tank level 

2 Differential pressure 

3 Dryer pressure 

4 Power 

5 Agitator speed 

6 Torque 

7 Jacket temperature setpoint 

8 Jacket temperature 

9 Dryer temperature setpoint 

10 Dryer temperature 

 

In the validation and test datasets, two different types of faulty batch are present. One type of 

faulty batch has an off-spec product at the end of batch, while the other type is off-spec but it 

exhibit an anomalously large amount of solvent at the end of batch. 

The validation dataset is constituted of 2 NOC batches and 29 faulty batches, while the test 

dataset is constituted of 1 NOC batch and 9 faulty batches. 
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6.5 Results 

In this paragraph the assumption-free monitoring technique will be applied according to the 

proposed guidelines and its monitoring performance will be compared with the BWU MPCA 

monitoring technique. Fault detection using the BWU MPCA methodology is carried out using 

the 𝑄 and 𝑇2 statistics, although also a different methodology using the 𝑆𝑃𝐸 statistic can be 

used for real time monitoring (Nomikos and MacGregor, 1995a). The assumption-free 

monitoring technique will be calibrated using both a linear and a spline interpolant and their 

monitoring performance will be compared. The monitoring techniques performance will be 

compared both through metrics of detection strength (true positive rate, TPR; false positive rate, 

FPR; Rato et al., 2016) and detection speed (average run length, ARL; Rato et al., 2018). 

Furthermore, the fault diagnosis will be carried out through the relative contributions plot and 

it will be compared with the standard 𝑇2 contributions plot. 

The results from the 5 case studies, summarised in Table 6.8, are discussed in detail in the 

remainder of this section. 

Table 6.8: Monitoring performance comparison between assumption-free monitoring 

and BWU MPCA 

Case 

study 

Average 

batch 

length 

Methodology PC no. 
o.o.l. 

𝑸 
o.o.l. 𝑻𝟐 TPR FPR ARL[samples] 

1 200 

Assumption-free (linear) 2 5 48 100 16.7 86 

Assumption-free (spline) 2 5 60 100 16.7 96 

BWUMPCA 3 3 2 100 16.7 85 

2 100 

Assumption-free (linear) 2 4 15 100 0 6 

Assumption-free (spline) 2 4 15 100 0 6 

BWUMPCA 3 3 1 100 0 21 

3 211 

Assumption-free (linear) 2 9 35 100 0 48 

Assumption-free (spline) 2 9 35 100 0 49 

BWUMPCA 3 300 3 50 0 83 

4 750 

Assumption-free (linear) 2 16 22 96.5 10 196 

Assumption-free (spline) 2 16 22 96.5 10 231 

BWUMPCA 3 700 3 62.1 30 400 

5 115 

Assumption-free (linear) 2 2 24 94.7 10 68 

Assumption-free (spline) 2 2 35 86.8 10 71 

BWUMPCA 3 21 5 60.5 33.3 94 

 

6.5.1 Results for case study #1 

The calibration dataset is used to calibrate a BWU MPCA model with 3 PCs (𝑅2 = 30.6%) and 

an assumption-free model with 2 PCs (𝑅2 = 56.9%). In Figure 6.5 it is shown that a 6 × 7 grid 

is found by assumption-free model calibration with 11 valid cells and a percentage of scores 

included in valid cells of 96.6%. In the score plot a concentration of points around the origin 

of the axes is observed (cells 8-10), while a much less dense scores are present in the initial part 

of the batch (cells 1-7). 
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(a) (b) 

Figure 6.5: (a)Score plot with assumption free (linear interpolant) common batch trajectory 

and dynamic control limit represented as a blue line and red dashed lines, respectively. (b) 

Score plot with assumption free (spline interpolant) common batch trajectory and dynamic 

control limit represented as a blue line and red dashed lines, respectively. 

In Table 6.8 the monitoring performance of the assumption-free models (both linear and spline) 

are compared with the performance of the BWU MPCA model. 

In this case study, BWU MPCA performs better both in terms of detection strength, as all 

batches are correctly classified, and detection speed, as it requires less than half the time of the 

assumption-free methodology to detect faults. 

The cause of the better performance shown by the BWUMPCA model lies in the process 

dynamics. In fact, in Figure 6.6 the time trajectories of 2 relevant variables for this case study 

are shown and it is observed that the dynamics is confined before sample 50, while in the 

remainder of the batch very small changes are observed in total conversion, while oscillations 

around 46.8°C are observed in cooling water temperature. 

Because of this, a large distance in the scores corresponding to the initial samples of the profiles 

is observed, while all the scores after sample 50 are tightly grouped. 

         
(a) (b) 

Figure 6.6: (a) Time trajectory of variable 9 of batch 12 of case study #1. (b) Time trajectory 

of variable 6 of batch 12 of case study #1. 
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6.5.2 Results for case study #2 

A BWU MPCA model with 3 PCs (𝑅2 = 64.5%) and an assumption-free model with 2 PCs 

(𝑅2 = 85.5%) are calibrated.  

A 10 × 5 grid is considered optimal, with 18 valid cells and a percentage of scores included in 

valid cells of 98.4%. The monitoring performance of these models in case study #2 are shown 

in Table 6.8. In this case study the performance of the assumption-free and BWU MPCA are 

equivalent in terms of detection strength, however the assumption-free model, on average 

detects a fault in a little less than 1/3 of the time required to BWU MPCA for the detection of 

a fault. 

Furthermore, the assumption-free monitoring approach with a linear interpolant is preferred to 

the spline interpolant based approach as they have the exact same performance, but the model 

based on the linear interpolant is simpler. 

6.5.3 Results for case study #3 

The calibration dataset of Case Study #3 has been used to calibrate a BWU MPCA model with 

4 PCs (𝑅2 = 39.9%) and an assumption-free model with 2 PCs (𝑅2 = 68.9%). An 8 × 7 grid 

is found optimal for modelling the studied process, with 18 valid cells and a percentage of 

scores included in valid cells of 95.1%. The validation dataset has been used to tune the number 

of out of limits values of 𝑄 and 𝑇2 and the performances of the models have been evaluated on 

an external test set, the results of the performance evaluation are reported in Table 6.8. 

It is observed that for the BWU MPCA model, the number of out of limits samples on the 𝑄 

statistic required for triggering an alarm is larger than the batch length after alignment (212 

samples). This value was obtained by tuning the parameter in validation with the aim of 

minimizing false positive batches. 

In Figure 6.7 it is shown that although the 𝑄 statistic of faulty batch in Figure 6.7a reaches much 

larger values, the NOC batch in Figure 6.7b goes past the control limit at around half the 

duration of the batch. This is a known problem of the use of the 𝑄 statistic in monitoring using 

a BWUMPCA model when the batch-wise unfolded dataset have a large number of variables 

(Reis et al., 2021). This issue reduces drastically the monitoring performance of the BWU 

MPCA in this case study as it can only identify correctly as faulty the 50% of the test dataset 

batches. The assumption-free modelling, being based upon variable-wise unfolding does not 

suffer of issues in using the 𝑄 statistic for monitoring purposes, and the conjoint use of both 𝑄 

and 𝑇2 for monitoring produces much better performance, with a TPR reaching 100%. 

Comparing the performance of the assumption-free monitoring technique using a linear or a 

spline interpolant, in Table 6.8 it is shown that they have similar performance in this case study, 

therefore a model using a linear interpolant is considered the best choice in compliance with 

the parsimony principle. 
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(a) (b) 

Figure 6.7: (a) Q statistic time trajectory during the monitoring of a faulty batch with 

BWUMPCA from the test dataset of case study #3. (b) Q statistic time trajectory during the 

monitoring of a NOC batch with BWU MPCA from the test dataset of case study #3. 

In Figure 6.8 the score plot with the monitoring scores of a faulty batch from the test dataset 

(test batch #31) is shown. 

As shown in Figure 6.8, fault detection was successfully carried out as the scores of the faulty 

batch (the bordeaux crosses) are outside the dynamic control limit (the red dashed lines) for 

more than 30 samples, hence an alarm is triggered. 

 
Figure 6.8: Score plot showing the scores of test batch #31 calculated during the monitoring 

steps. 

The fault affecting the considered batch consists of the introduction of a −3 g/L bias in variable 

6 (biomass concentration) from the beginning of the batch due to a faulty sensor. 

The standard 𝑇2 contribution plot is compared with the proposed relative 𝑇2 contribution plot 

for the point triggering the alarm, respectively, in Figure 6.9a and 6.9b. 
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(a) (b) 

Figure 6.9: (a) 𝑇2 contributions of the sample that triggered the alarm in test batch #31. (b) 

relative 𝑇2 contributions of the sample that triggered the alarm in test batch #31. 

In Figure 6.9a it is shown that the most important variables identified by standard 𝑇2 

contributions are variable 2 to 5 (Pyruvate, Acetaldehyde, acetate and Ethanol concentrations), 

variable 8 (Acetaldehyde dehydrogenase) and variable 10 (Specific CO2 evolution rate). 

Therefore, in this case, looking at the standard 𝑇2  contribution plot produces a completely 

wrong fault diagnosis, while looking at Figure 6.9b it can be seen that the most important 

variable is variable 6, which is the main variable affected by the fault, hence, the proposed 

relative 𝑇2  contributions are much more effective in this case than the standard 𝑇2 

contributions at diagnosing the fault. 

The main reason for this difference between relative and standard 𝑇2 contributions value is due 

to the direction that is considered in the score plot for calculating the contribution. In fact, the 

𝑇2 statistic (on which the standard 𝑇2 contributions are calculated) used for calculating the 

standard contribution plots is a function of the norm of the vector joining the origin of the axes 

to the score that triggered the alarm in the currently monitored batch. Instead, the vector 

considered when calculating the relative 𝑇2  contributions is the one joining the score that 

triggered the alarm in the currently monitored batch with the point at the same relative time in 

the common batch trajectory. 

Proof of the previous statement is that in some lucky situations where the two vectors share the 

same direction the relative and the standard 𝑇2 contribution plots work in the same way, as for 

the batch shown in Figure 6.10. 

In this case, a fault affecting the kinetic constant of a reaction describing the microorganisms 

glucose uptake system and glycolitic pathway is simulated. 
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Figure 6.10: Score plot showing the scores of test batch #7 calculated during the monitoring 

steps. 

As shown in Figure 6.10, the direction of the vector joining the origin of axes to the point of 

the test batch #7 that triggered the alarm (the red cross that lies onto the x-axis) and the direction 

of the vector joining the same point of test batch #7 and the common batch trajectory are almost 

parallel. 

As a result of this situation, in Figure 6.11a and 6.11b it is observed that both the 𝑇2 

contribution plot and the relative 𝑇2 contribution plot show the exact same result except for the 

absolute value, which is not relevant when using these plots (Miller et al., 1998). 

Both plots correctly show that glucose concentration, pyruvate concentration, biomass 

concentration, active cell material and acetaldehyde dehydrogenase (variables 1,2,6,7,8) are 

affected by the fault. 

  
(a) (b) 

Figure 6.11: (a) 𝑇2 contributions of the sample that triggered the alarm in test batch #7. (b) 

relative 𝑇2 contributions of the sample that triggered the alarm in test batch #7. 

This last result shown asserts that the use of the 𝑇2 contribution is risky in assumption-free 

modelling, as it can occasionally results in a correct fault diagnosis because of an incidental 

parallelism between two vectors, illuding the practitioner that this is the correct approach to 

fault diagnosis with this monitoring approach. The relative 𝑇2 contribution plot instead yield a 
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correct fault diagnosis in all situation as it shows variables that contribute to a deviation of the 

monitored batch from the common batch trajectory by design. 

6.5.4 Results for case study #4 

In case study #4 a BWU MPCA model with 2 PCs (𝑅2 = 42.3%) and an assumption-free model 

with 2 PCs (𝑅2 = 58.0%) are calibrated onto the calibration dataset. A 10 × 3 assumption-free 

model grid was found to be optimal with 8 valid cells and 95.1% scores included in valid cells. 

The monitoring performance on the test dataset, together with the value of the parameters tuned 

on the validation dataset are shown in Table 1. 

The number of out of limits 𝑄 statistic values for triggering an alarm set to 700 shows that also 

in this case study BWU MPCA suffers of the same issue affecting the 𝑄 statistic, resulting in a 

limited monitoring performance, whereas assumption-free monitoring performs much better 

both in terms of detection strength and detection speed, with around half the value of ARL with 

respect to BWU MPCA. The spline-based assumption-free monitoring approach results to have 

the same detection speed performance as the linear-based monitoring while being slightly 

slower than the model adopting a linear interpolant. For these reasons, an assumption-free 

monitoring approach with a linear interpolant is considered the best monitoring approach to be 

used for this case study. 

In Figure 6.12 two monitored batches, test batch #24 and test batch #26, are shown. Both 

batches are affected by the same fault, a 30% increase in the glucose feed at half the batch 

length. The scores from these batches are represented from the beginning up to the sample that 

triggered the alarm. 

 
Figure 6.12: Score plot for case study #4 with two faulty batches(same fault) projected: test 

batch #24 and test batch #26 

As Shown in Figure 6.12, test batch #26 have been detected much earlier than test batch #24, 

in fact the scores of test batch #26 are all in the left half plane, while the scores of test batch 

#24 go beyond the vertical axis into the first quadrant of the score plot. 
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(a) (b) 

Figure 6.13: (a) 𝑇2 contributions of the sample that triggered the alarm in test batch #24. 

(b) 𝑇2 contributions of the sample that triggered the alarm in test batch #26. 

In Figure 6.13a and 6.13b standard 𝑇2 contributions for both batches are shown. In this case, 

for two batches with the same fault, a different fault diagnosis is obtained through the standard 

𝑇2 contribution plots, while, when using the relative 𝑇2 contribution plots, as shown in Figure 

6.14a and 6.14b, a coherent result is obtained indicating the same fault diagnosis for both 

batches. 

This brings us to the conclusion that not only using the standard 𝑇2 contributions results in a 

wrong fault diagnosis, as shown in case study #3, but the fault diagnosis results obtained 

through the 𝑇2 contributions shows incoherences when dealing with different batches with the 

same fault, while relative 𝑇2 contributions solve this problem as they results in the same fault 

diagnosis for batches with the same fault (except for the absolute value of each contribution). 

 

  
(a) (b) 

Figure 6.14: (a) relative 𝑇2 contributions of the sample that triggered the alarm in test batch 

#24. (b) relative 𝑇2 contributions of the sample that triggered the alarm in test batch #26. 
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6.5.5 Results for case study #5 

The calibration step is carried out calibrating a 5 PCs BWU MPCA model (𝑅2 = 63.2%) and 

a 2 PCs assumption-free model (𝑅2 = 67.1%) with an optimal 2 × 3 grid, 4 valid cells and 

98.2% of scores included in valid cells.  

Results on the external test dataset are reported in Table 1. 

In this case study the 𝑄 statistic value do not appear to be affected by the issues observed in 

case studies #3 and #4, as the tuned number of samples with out of limits 𝑄 statistic is much 

smaller than the batch length. This is due to the mean batch length (115 samples) being smaller 

than in the case studies presenting the problem, therefore obtaining a less fat batch-wise 

unfolded matrix. 

Even though in this case study the conditions for the application of BWU MPCA appear to be 

more favourable than in the last two, in Table 5 it is shown that assumption-free model 

outperforms it also in this case both in terms of detection strength and detection speed. 

 
Figure 6.15: Score plot for case study #5 

In Figure 6.15 it is shown the score plot for case study #5. The calibration dataset shows a very 

large variability, in fact a time trajectory for the historical batches is hardly (it not at all) visible 

in the score plot. In this situation the dynamic control limit (red dashed lines) is assumed to 

have a very poor performance, and in fact, in Table 5, a large number of samples with scores 

out of the dynamic control limit (o.o.l. 𝑇2) are required to trigger an alarm using this statistic. 

From further investigation resulted that all faulty batches are in fact detected by the assumption-

free model through the 𝑄 statistic control limit. 

Therefore, however being in a disadvantageous situation with this dataset and having the 𝑇2 

statistic not working for monitoring purposes, the dynamically defined 𝑄  control limit 

calculated through the assumption-free model is still much more efficient for monitoring 

purposes than the BWU MPCA model. 
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6.6 Conclusions 

In this work, a set of guidelines for the implementation of the assumption-free monitoring 

technique were provided to simplify the implementation of the methodology for the 

practitioner. Light was shed on the optimization problem underlying the calibration of an 

assumption-free model and an algorithmic implementation to solve the problem in the most 

commonly implemented case was provided. Furthermore, clear indications for performing fault 

detection with an assumption-free model have been provided together with a new methodology 

for fault diagnosis called relative 𝑇2 contribution plot. This novel methodology improves the 

standard 𝑇2 contribution plot in terms of correctness of the fault diagnosis, as it is able to 

identify more effectively the variables causing a deviation from the common batch trajectory, 

and in terms of robustness of results, as it identifies consistently the same variables as the cause 

of the deviation from the common batch trajectory in different batches having the same fault. 

The assumption-free monitoring implemented according to the proposed guidelines was tested 

on 5 datasets, 2 with even-length and 3 with uneven-length batches, coming from different 

industrial sectors and processes of different nature (chemical, biological and physical). The 

performance of the methodology was compared with the performance of BWU MPCA, a state-

of-the-art method for batch process monitoring. 

The assumption-free methodology consistently outperformed BWU MPCA (although the 

number of principal components of the underlying MPCA model is limited to 2), especially in 

cases when the number of time samples of the batches is large, as it is not affected by the 

deterioration of the 𝑄 statistic monitoring performance observed in BWU MPCA. Furthermore, 

the definition of a 𝑄 statistic control limit varying with relative time allows it to outperform 

BWU MPCA even in situations where a large variability in the calibration batches degradates 

the performance of the dynamic control limit. 

The only situation in which the model performance is not better than the BWU MPCA 

performance is when the dynamics of the studied process is compressed in a very small fraction 

of the variables time trajectories. 

The assumption-free monitoring methodology is also less computationally expensive than 

BWU MPCA when batch alignment must be carried out, as this technique does not require such 

a preprocessing step, and instead it implicitly performs a batch alignment building the relative 

time during the common batch trajectory construction. 

Further improvements to the proposed guidelines regards: 

• Generalize the algorithm solving the grid optimization problem to an arbitrary number of 

PCs, introducing heuristics in order to avoid the combinatorial explosion obtain applying 

grid searching to n parameters; 

• building a grid optimized with respect to the density of the scores in the score plot in order 

to describe more efficiently the process variability; 

• generalizing the grid to an optimal mesh with arbitrary geometry.
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Conclusions and future perspectives 

Batch processing is ubiquitous in several industrial sectors manufacturing high value-added 

products due to its flexibility in set up and operations. Furthermore, it is relatively simple to 

design even if only partial knowledge of the underlying mechanism of the process is available. 

However, its flexibility allows for a large amount of variability to enter the process, making the 

task of running the process in controlled conditions and producing a product of consistently 

high quality much harder. This task is made even harder because the product quality is usually 

assessed only at the end of a batch, due to the time required by laboratory assays and to reduce 

the workload on the quality control laboratory. Furthermore, the variability entering the process 

can reduce the efficiency of the process in terms of utility consumption as well as increasing its 

cycle time, making the production scheduling more complex. The abovementioned 

characteristics of batch processes render the development and the implementation of process 

monitoring techniques paramount to run batch processes efficiently. The large number of 

process variables observed and recorded every few seconds in a modern chemical plant, 

available thanks to the technological advancements triggered by the Industry 4.0 initiative, may 

lead human supervisors to an overload of information if observed separately. Furthermore, 

observing the process variables one-at-a-time may return insufficient, incomplete and 

unreliable information. Multivariate statistical methods allow to reduce the dimensionality of 

the process monitoring problem to a latent subspace, dealing with spatial and serial correlation, 

multicollinearity, noise and missing data at the same time.  

The objective of this Dissertation was the practical implementation of Industry 4.0 

methodologies for monitoring the performance of batch processes. On the one hand, process 

monitoring is required for the early detection of batches with an out-of-spec end-point product 

quality, with the aim of minimising the amount of out-of-spec batches produced. On the other 

hand, process monitoring is carried out to detect anomalies in the process operating conditions 

with the aim of troubleshooting the process, even if the end-point product is within 

specification. 

Specifically, the following research areas were investigated: 

1. the assessment of the benefits of the application of batch process monitoring techniques on 

a real and complex (multi-unit) industrial process; 

2. the development of automated approaches for batch alignment for end-point quality 

estimation; 

3. the development of guidelines for the implementation of batch alignment-free 

methodologies. 
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Table C.1 summarizes the main achievements of this Dissertation, with indication of example 

applications, type of data used, and references where the results have been discussed. 

In Chapter 4, the application of data analytics techniques for troubleshooting a complex 

industrial batch process highlighted how batch alignment is an important and time consuming 

preprocessing step affecting the performance of the analysis. 

This preliminary work allowed to carry out an assessment of the advantages of the 

application of batch process monitoring techniques on a real and complex industrial process, 

resulting in industrially-relevant results in terms of efficiency and productivity improvements. 

In more detail, in Chapter 4 data analytics techniques were employed on a semi-batch 

manufacturing process and coupled with engineering understanding for process 

troubleshooting. The batch-wise unfolding multiway principal component analysis model 

developed allowed to uncover the existence of an abnormal behaviour affecting 40% of the 

batches in historical manufacturing campaigns. This behaviour went almost unnoticed as 

batches did not terminate unsuccessfully, but simply took longer to complete than the others. 

However, this anomaly increased the utility and energy expenditure per unit of product 

manufactured. Furthermore, being the process under investigation a bottleneck of the overall 

process, the longer average batch length reduced the productivity of the overall process. Data 

analytics was central to identify the cause of the abnormal behaviour in the anomalous 

intervention of one interlock in the reactor safety system, which caused vacuum in the reactor 

to be broken by nitrogen blanketing under particular conditions, requiring a subsequent vacuum 

reinstatement to recover the process conditions and to end the batch successfully. 

Reconfiguration of the safety interlock system allowed to shorten the average batch length by 

29%, and the overall process cycle time by 8%. Furthermore, an 11% reduction on the nitrogen 

consumption was obtained. The development of the data analysis model for this case study 

highlighted that batch matching is an important and complex pre-processing step that affects 

the performance of the analysis. This finding was instrumental in the development of techniques 

that allow the practitioner to perform this step easily and to avoid it altogether when not 

absolutely necessary. In fact, artificially reducing all batches to a common length (i.e. batch 

alignment) is usually done by trial and error, is time consuming and requires prior process 

knowledge. 

 

With respect to cases in which it is necessary to apply batch alignment for process monitoring, 

in Chapter 5 an automated methodology for batch alignment in batch end-point product 

quality estimation is proposed. 

The proposed methodology was developed to assist the practitioner at maximizing the end-

point quality monitoring model performance. The methodology retains the efficacy of a 

straightforward trajectory synchronization method, such as the traditional indicator variable 

method. It improves upon this method in two ways: i) by automatically performing the 
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partitioning into phases, and ii) by selecting the most appropriate indicator variable for each 

phase. This is done simultaneously rather than separately, utilizing an optimization framework 

to maximize the performance of a model for product quality assessment that is to be constructed 

using the available datasets. Differently from classic indicator variable and from advanced 

synchronization methodologies such as dynamic time warping, correlation optimized warping 

and multisynchro, the proposed methodology is process agnostic as it does not require 

identifying either a reference batch or a reference variable. The proposed data preprocessing 

methodology was tested on two datasets, one from an industrial process and one from a 

simulated one. The performance of the resulting product quality assessment model when the 

available data were preprocessed with the proposed methodology and with other 

synchronization strategies were compared. The proposed methodology always led to the best 

performance, both when the model was used as a soft sensor to estimate the product end-point 

quality and when the model was used as a classifier to discriminate between on-spec and off-

spec products. From the computational side, the proposed methodology performance 

outperforms other advanced methodologies when they become computationally intensive, i.e. 

when the number of samples per batch increases. 

 

Finally, when process monitoring is carried out with the aim of detecting anomalies in the 

process operating conditions, one can use a methodology that does not require batch alignment, 

namely, the assumption-free monitoring methodology proposed a few years ago in the 

literature. However, effective implementation of this methodology is challenging due to the 

lack of sufficient documentation and of a clear fault detection and diagnosis procedure. In 

Chapter 6, a set of guidelines for the implementation of this batch alignment-free 

monitoring methodology is proposed to allow the practitioner to implement the methodology 

in a straightforward manner. Light was shed on the optimization problem underlying the 

calibration of the assumption-free model and an algorithmic implementation to solve the 

problem in a particular case of industrial interest was provided. Furthermore, clear indications 

for performing fault detection were provided together with a novel methodology for fault 

diagnosis. The assumption-free monitoring methodology implemented according to the 

proposed guidelines was tested on five datasets, 2 with even-length and 3 with uneven-length 

batches, coming from different industrial sectors and processes of different nature (chemical, 

biological and physical). The performance of the methodology was compared with a traditional 

methodology for batch process monitoring, based on batch-wise unfolding of the data matrix. 

The proposed methodology consistently outperformed the traditional one, especially in cases 

when the number of time samples of the batches is large, as it is not affected by a deterioration 

of the 𝑆𝑃𝐸 statistic, typically observed when applying batch-wise unfolding to datasets with a 

large number of samples per batch.  
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Table C.1: Summary of the main achievements of this Dissertation, with indication of their relevant applications, the origin of the data used 

and related references 

Chapter Main achievement Application Data origin Reference 

Chapter 4 Assessment of the 

effectiveness of multivariate 

batch process monitoring in 

an industrial setting  

• Specialty chemical 

manufacturing 

Industrial Sartori F., Zuecco F., Facco, P., Bezzo F., Barolo M. (2022), Data 

Analytics Can Help Reduce Energy Consumption in the Industrial 

Manufacturing of Specialty Chemicals. Chem. Eng. Trans. 96, 229-

234 

Sartori F., Zuecco F., Facco P., Bezzo F., Barolo M. (2022), Coupling 

machine learning and engineering judgment to reduce the cycle time of 

an industrial batch process, Oral presentation at: GRICU 2022: 

Centralità dell'Ingegneria Chimica in un Mondo che cambia, 03-06 

July, 2022, (Ischia, NA, Italy) 

Sartori F., Zuecco F., Facco P., Bezzo F., Barolo M. (2022), Data 

Analytics Can Help Reduce Energy Consumption in the Industrial 

Manufacturing of Specialty Chemicals. Oral presentation at: 1st 

International Conference on Energy, Environment and Digital 

Transition (E2DT), October 23-26 2022 (Milano, Italy) 

 

Chapter 5 Development of an 

automated methodology for 

batch alignment for batch 

end-point estimation 

• Specialty chemical 

manufacturing 

• Penicillin 

fermentation 

Industrial and 

simulated 

Sartori F., Facco, P., Zuecco F., Bezzo F., Barolo M. (2023), Optimal 

indicator-variable approach for trajectory synchronization in uneven-

length multiphase batch processes. Ind. Eng. Chem. Res. 62, 18511-

18525. 

Sartori F., Zuecco F., Facco P., Bezzo F., Barolo M. (2023), An 

automated pre-processing framework for uneven-length multiphase 

batch processes. Oral presentation at: 11th Colloquium 

Chemometricum Mediterraneum, June 27-30 2023 (Padova, Italy) 

 

Chapter 6 Development of guidelines 

for the application of 

alignment-free 

methodologies for batch 

process monitoring 

• SBR polymerization 

• LDPE polymerization 

• Baker’s yeast 

fermentation 

• Penicillin 

fermentation 

• Herbicide crystals 

drying 

Industrial and 

simulated 

Sartori F., Facco, P., Bezzo F., Barolo M. (2023), On the application of 

assumption-free modelling for multivariate statistical batch process 

monitoring. In preparation. 
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Furthermore, the adaptive nature of the control limits in the assumption-free methodology 

allowed to outperform the traditional method even in situations where a large batch-to-batch 

variability is observed. The batch-wise unfolding based methodology outperforms the 

assumption-free methodology in cases when the dynamic of the process is compressed in a very 

small fraction of the variables time trajectories. The assumption-free methodology is also less 

computationally expensive than the traditional methodology by definition, as it does not require 

batch alignment. Furthermore, the proposed fault diagnosis methodology consistently 

outperformed the methodology actually used for fault diagnosis in the assumption-free 

technique. 

 

Some areas of further investigation can be discussed at this point. 

• The methodology proposed in Chapter 5 has been applied to two processes, an industrial 

and a simulated one, however, it could be relevant extending its application to different 

industrial sectors and test it on a variety of case studies, in particular, the methodology 

proposed in Chapter 5 could be extended to nonlinear models for estimating the final 

product quality in order to handle strong process nonlinearities, where the proposed linear 

approach is deemed to fail in most practical situations; 

• different surrogates can be used other than the radial basis function one for surrogate 

optimization in the methodology proposed in Chapter 5 and a comparison between the 

performance of different surrogates can be carried out to further improve the methodology 

performance; 

• the guidelines proposed for the implementation of the methodology proposed in Chapter 6 

propose an explicit optimization problem to be solved for the development of an 

assumption-free model, however, the algorithm proposed for its solution solves it in a 

particular case of industrial interest. The development of an algorithm based on appropriate 

heuristics for the calibration of the assumption-free model for any number of principal 

components can enhance the model performance; Furthermore, the assumption-free model 

is actually based on the construction of a grid with fixed resolution for analyzing the 

multivariate trajectory of the process under study. A method for exploring the latent space 

in an adaptive manner both in terms of geometry and size of the segments in which it is 

subdivided can improve the performance of the technique, especially in cases where the 

dynamics of the process under study is condensed in a relatively small portion of the 

trajectory. 
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