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Process Monitoring for Quality – A Big Data and Artificial Intelligence-based 
Manufacturing Quality 

Abstract 
As manufacturing companies stand on the brink of the fourth industrial revolution, Industrial Big 
Data (IBD) highlights the importance of the application of Artificial Intelligence (AI) in this 
domain. These technologies have the potential to enhance Traditional Quality Control (TQC) 
systems. Although most mature organizations generate only a few Defects Per Million of 
Opportunities (DPMO), as in today’s highly competitive global-market, customers expect 
perfect quality. Therefore, the detection of rare quality events represents not only a research 
challenge; but, also an opportunity to move quality standards forward. In this research, 
detection is formulated as a binary classification problem, where the main objective is to 
develop a predictive system that projects features into a hyper-dimensional space where those 
defects can be detected. Manufacturing-derived data sets for classification of quality pose two 
main challenges: (1) highly/ultra-unbalanced classes, (2) hyper-dimensional feature spaces, 
that often contain insignificant/irrelevant information. A new Big Data-Driven Manufacturing—
Process-Monitoring-for-Quality (PMQ) philosophy has been developed. PMQ is a blend of 
Process Monitoring (PM) and Quality Control (QC), which is founded on Big Data and Big 
Models (BDBM). PMQ uses data from the process to make a real-time detection (classification). 
This new quality philosophy poses several theoretical challenges that must be addressed 
before it can be generalized across the manufacturing industry and materialize its contribution 
in the quality movement. This research work addresses a few of them. An analysis is presented 
on how PMQ enhances the quality movement by addressing three quality problems, which 
traditional QC techniques cannot. The predictive modeling paradigm of Big Models (BM) has 
been developed by aiming at rare quality event detection. Four Model Selection (MS) criteria 
have been developed: (1) Penalized Maximum Probability of Correct Decision (PMPCD), a 
general criterion that can be applied to Candidate Model (CM) in which complexity is defined 
by the number of features, based on simulations, criterion induces parsimony while maintaining 
detection as the main driver. And a series of three-objective optimization MS criteria that use 
three of the most relevant competing attributes of each CM to project them into a Three-
Dimensional (3D) space where the final model that solves the posed tradeoff between them the 
best is selected: (2) a MS criterion for the Genetic Programming (GP), 3D-GP, supported by a 
novel Separability Index (SI), (3) a MS criterion for the Support Vector Machine (SVM), 3D-
SVM, also supported by a novel SI, and (4) a MS criterion for the Logistic Regression (LR), 3D-
LR, proposed criterion outperforms widely used criteria in highly/ultra-unbalanced data 
structures. A learning scheme for the L1-regularized LR algorithm has been developed 
following the BM paradigm, and it includes the development of two novel algorithms: (1) Optimal 
Classification Threshold (OCTM), aimed at finding the classification threshold of a LR-based 
model, which is one of the main challenges of this learning algorithm and (2) Hybrid Correlation 
and Ranking-based (HCR), aimed at eliminating redundant features that filter feature selection 
methods cannot. Proposed learning scheme outperforms typical learning schemes in 
highly/ultra-unbalanced data structures with respect to detection and parsimony. The 
applicability of all theoretical developments and their capacity to solve real manufacturing 
complex-problems is demonstrated in three case studies, with the following detection results: 
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(1) Ultrasonic Welding of Battery Tabs (UWBT) – 100% detection, (2) Laser Spot Welding 
(LSW) – 100% detection and (3) Sensorless Drive Diagnosis (SDD) – 99.72% detection.  
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Table 1. Acronyms. 

Acronym Definition 
3D Three Dimensional 
AI Artificial Intelligence 
AIC Akaike Information Criterion 
ANN Artificial Neural Network 
BDBM Big Data - Big Models 
BIC Bayesian Information Criterion 
BM Big Models  
CEE Cross-Entropy Error 
CM Candidate Model 
CT Classification Threshold(s) 
DPMO Defects per Million of Opportunities 
DNN Deep Neural Network 
FN False Negative 
FP False Positive 
GM General Motors 
GP Genetic Programming 
HCR Hybrid Correlation and the Ranking-based 
IBD Industrial Big Data 
IIoT Industrial Internet of Things 
ISCS Intelligent Supervisory Control Systems 
KNN K-Nearest Neighbors 
LASSO Least Absolute Shrinkage and Selection Operator  
LDC Linear Discriminant Classifier 
LR Logistic Regression  
LP Learning Process 
ML Machine Learning 
MLA Machine Learning Algorithm(s) 
MPCD Maximum Probability of Correct Decision 
MS Model Selection 
NB Naïve Bayes  
OCTM Optimal Classification Threshold with respect to MPCD 
PM Process Monitoring   
PMPCD Penalized Maximum Probability of Correct Decision 
PMQ Process Monitoring for Quality 
PR Pattern Recognition 
QC Quality Control 
SDD Sensorless Drive Diagnosis 
SI Separability Index 
SPC 
SQC 

Statistical Process Control 
Statistical Quality Control 

SVM Support Vector Machine 
TN True Negative 
TP True Positive 
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TQC Traditional Quality Control 
UWBT 
UMQ 

Ultrasonic Welding of Battery Tabs  
Usage Monitoring for Quality 

VS Validation Set 
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Chapter 1 
 
Introduction 
 

In today’s manufacturing world, most mature organizations have merged traditional quality 
philosophies to create a high conformance production environment, where their processes 
generate only a few DPMO. However, traditional techniques based on statistics have plateaued 
off and shown limitations in analyzing IBD.  

In today’s global competitive environment, customers expect perfect quality, and since they are 
using the internet and social media tools to share their experiences, leave organizations little 
to no flexibility to recover from their mistakes. Therefore, a single warranty event can drive a 
company’s image and be the difference between it facing a profit or loss. A vivid example of 
this situation is the GM ignition switch, which was linked to fatal accidents [1]. This quality-
related problem highlights the importance of a “zero-defect policy”. TQC methods based on 
statistics do not achieve zero-defects in manufacturing.  

As organizations stand on the brink of the fourth industrial revolution, Industrial Internet of 
Things (IIoT), IBD, acsensorization, cyberphysical systems and AI are technologies propelling 
the new era of manufacturing, smart manufacturing. From the point of view of quality, these 
technologies have the potential to enhance traditional quality and productivity systems, in which 
one of the primary goals is to achieve defect-free processes. The main objective of this research 
is to apply AI techniques to IBD to develop a predictive system with the capacity to detect those 
very few DPMO – rare quality event detection – and to solve a whole new range of hitherto 
intractable manufacturing problems. 
 
Today’s high conformance manufacturing environment and IBD pose two main challenges to 
manufacturing-derived data sets for binary classification of quality: (1) highly/ultra-unbalanced 
classes, (2) hyper-dimensional feature spaces, that often contain insignificant/irrelevant 
information. In the context of this research, highly refers to data sets with the minority class 
count < 3%, and ultra to the minority class <1%. 
 
1.1 Motivation  
 
While manufacturing generates more data than any other sector of the economy, only few 
companies are harnessing it, because creating value out of IBD is one of today’s biggest 
theoretical challenges posed. 
  
More than three decades ago, in the era of Total Quality Management, the concept of “zero 
defects” was introduced by Mr. Philip Crosby in his book “Absolutes of Quality Management” 
[2]. At that time, it was only a vision; today, with the introduction of AI in manufacturing, this 
vision has become attainable. Thus, developing an AI-based predictive system with the ability 
to detect the small number of DPMO generated by manufacturing processes presents a unique 
opportunity to contribute in the path of developing defect-free processes. 
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1.2 Problem Statement and Context 
 
Manufacturing systems are dynamic and complex in nature; therefore, defect-free processes 
rarely exist. From a customer’s perspective, a defect-free process can be virtually accomplished 
either by: (1) a perfect process execution, or (2) a perfect inspection (detection) execution. The 
vision of this research is to create value out of IBD by developing a virtual defect-free process 
through perfect detection, where detection is formulated as a binary classification problem.  

Table 2. Confusion matrix. 
 

 

 

Using the notation of binary classification, the problem is expressed using the confusion matrix, 
Table 2, where a positive result refers to a defective item, and a negative result refers to a good 
quality item. Since manufacturing systems only generate a few DPMO, binary classification of 
quality becomes a complex problem, because the classes tend to be highly/ultra-unbalanced. 

Traditionally, statistics is applied to experimental data to develop an explanatory model or to 
define limits of SPC control charts, as shown in Figure 1.  With this approach, most defects are 
detected (TP), and only a few of them are not (FN). If these “misses” are critical components, 
such as engines, transmissions, smoke detectors, etc., then these warranties could have an 
enormous impact, both economically and on the company’s reputation.  

Process SPC 
Manufactured items

 (good,defect)

Statistics
Experimental data 

data

Explanatory
model

Rework/
revaluation

“Defective” 
(TP,FP)

Good 
(TN)

Scrap
Defect

(TP)

“Good” 
(TN,FN)

A few 
DPMO

Warranty

Defect
(FN)

Customers

Worn-out
Good
(TN)

“Misses”

 
Figure 1. A traditional QC approach based on statistics. 
 

 Predicted good Predicted defective 

Good quality True Negative (TN) False Positive (FP) 
Defective False Negative (FN) True Positive (TP) 
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The work here proposes to detect those very few DPMO (FN) that were not detected by SPC 
(rare quality event detection), as shown in Figure 1, enabling the creation of virtually defect-
free processes. 

1.3 State of the Art  
 
Manufacturing companies are intense users of big data bases, and this industry 
generates/stores more data than any other [3].  Stored data becomes only useful, however, 
when it is properly analyzed and turned into information/action. The factory of the future is 
driven by manufacturing systems that exhibit fast increasing complexity, hyper-dimensional 
feature spaces as well as non-Gaussian, pseudo-chaotic behavior, which militate against 
orthodox SPC, but open a whole new avenue of opportunities for AI. A brief description of its 
application in manufacturing for QC – defect detection – is presented. 
 
The concept of zero defects in manufacturing reemerged in 2013, when Ke-Sheng [4] 
presented a general framework about how to apply data mining in manufacturing. The author 
described the basic components of a quality monitoring system aimed at fault diagnosis or 
failure prognosis.  A pilot study, 3D intelligent quality inspection system, was also performed to 
support their framework. Three MLA were used to perform the quality inspection (SVM, ANN, 
CT), and k-fold cross-validation was applied to evaluate the performance of each classifier. The 
best classifier (SVM) was selected based correctness, i.e., percentage of samples correctly 
classified, and the FP rate. The proposed framework does not support the analysis of 
highly/ultra-unbalanced data structures, and it assumes no time effect, since cross-validation 
is used. Finally, no decision combination scheme aimed at improving prediction was reported.  
 
A hybrid process monitoring and diagnosis method based on cluster analysis and the SVM 
algorithm was developed by Wuest et al. in 2014 [5]. In this work, the authors proposed a “red 
flag” warning system aimed at modelling the dependencies between the different states or state 
characteristics. The approach allows for experts to decide whether the product can still reach 
the final quality requirements or if it should be scrapped. Clustering analysis was applied to 
identify potential undesirable states by isolating extreme states and the SVM to determine, in 
quasi real-time, the process/product states at various points in the overall manufacturing 
system. The authors concluded that process monitoring based on clustering analysis and 
supervised ML on product state based data can potentially increase quality in manufacturing. 
 
In 2017, Granstedt Möller [6] presented a ML application for quality control in Scania Engines 
based on the Convolutional Neural Network algorithm, where the objective was detection in 
highly unbalanced classes to separate bad from good. A general learning approach was 
followed based on k-fold cross-validation; therefore, the time-effect was assumed negligible. 
Preliminary prediction performances were reported in terms of type-I and type-II errors; 
however relative good detection was achieved at the expense of high type-I error. The author 
recognized that quality from the production process does not get better directly by detection; 
however, it increases the ability to control the production and therefore, prevents defects from 
reaching the customers. 
 
Over the past decade, machine vision and ML have been combined and widely used across 
manufacturing applications to develop quality inspection systems. An automated feature 
extraction in industrial inspection is presented in [7], where DNN configurations were developed 
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for visual fabric defect detection. The proposed method demonstrated excellent defect 
detection results with low false alarm rates. An intelligent automated visual inspection system 
that effectively detects defective thermal fuses using ANN and machine vision is presented in 
[8]. This system not only reduces costs associated with human inspectors but also increases 
inspection reliability and speed. For safety considerations, all settings were aimed at eliminating 
the type-II error. There have also been some successful applications published on quality of 
fruit detection using MLA [9, 10], where various MLA were used (e.g., DNN, ANN, CT, LDC, 
KNN, SVM).  Implementing a decision combination to improve prediction was identified as a 
future research work. 
 
In recent years, MLA have been also efficiently applied for automatic defect detection in 
surfaces. A general framework for defect detection of hot rolled steel surface based on the SVM 
is proposed in [11].  The G-mean and F-measure were used to evaluate the detection ability of 
the classifiers, and cross-validation was used for hyper-parameter tuning.  The authors 
recognized that correctness is not appropriate measure of classification performance for defect 
detection, and feature selection and decision combination strategies were laid out as a future 
work to improve the proposed framework. To distinguish discrepant from normal parts, a novel 
classification approach for engineering surfaces is proposed in [12], based on an ensemble that 
uses the SVM as the basic classifiers.  A prediction of surface roughness by multiple regression 
analysis is presented in [13]. To achieve higher predictability and low computational effort, this 
approach included a dimensionality reduction step using principle component analysis. 
 
To advance the state-of-the-art, Bosch held a competition in 2016, where they shared 
production data.  The goal was to classify manufacturing failures.  The winners of this 
competition used XGBoost and Random Forests for their algorithms [14]. 
 

 
 
Figure 2. State of the art analysis with respect to applications and characteristics of the 
solution. 
 
AI is a fast-paced technology that has shown promising results in addressing old and new 
challenges in manufacturing because of its ability to handle non-linear and hyper-dimensional 
data. However, the plethora of options of MLA theories and methods poses a barrier for 
technology adoption, and thus hinders efficient utilization if IBD [15].  Poor implementation of 
AI and inadequate manufacturing knowledge can lead to erroneous conclusions, low-quality 
solutions, and/or may require a lot of iterative work to solve a problem [5]. Since the data 
structures are not known in advance, there is no one best strategy to solve the detection 
problem.  Furthermore, binary classification in manufacturing poses the following challenges: 
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(1) ML-based solutions (models) should be grounded in physics and have some level of “trust-
ability” [16,17] to be deployed, (2) classes tend to be highly/ultra-unbalanced, (3) hyper-
dimensional feature spaces, including relevant/redundant features [15], and (4) systems tend 
to be time-dependent.   
 
Figure 2 contains a summary of the state-of-the-art.  As shown in the figure, researchers have 
tailored different frameworks based on their applications and goals. Their solutions are 
presented in the context of challenges posed by typical manufacturing systems. It is observed 
that very little research has been reported for defect detection in cases when the classes are 
highly/ultra-unbalanced. Most of the reviewed papers include feature extraction and 
dimensionality reduction methods, which do not necessarily select/identify the most relevant 
features of the system [18,19]. Only one author [9] considers feature selection methods, and 
another [12] considers a decision combination scheme. No one has developed a solution that 
considers all four dimensions (denoted by the various shapes in Figure 2).  
 
1.3.1 Statistical Vs Artificial Intelligence Quality Control   
 
TQC philosophies highly rely on physics knowledge and statistics to create/test hypothesis, 
where the main goal is to build a set of facts as part of a theory of a larger body of knowledge 
and the focus is long-term. SPC is one of the primary most widely used tools for quality control 
in manufacturing. It is a method which employs statistical methods to monitor and control a 
process under a well understood cause and effect framework. Key tools used include run 
charts, control charts, a focus on continuous improvement, and the design of experiments. SPC 
highly relies on visual inspection and human judgement to diagnoses the process-quality 
properly. All the thinking, planning, and model formulation is generally done before data is 
generated, collected, and analyzed. The following requirements must be met for a successful 
deployment of SPC [20-23]: 
 

(1) A comprehensive understanding of the underlying physics (cause-effect) of the process 
to define the product quality characteristics to be measure and their associated control 
limits.  

(2) A feasible measure system within the temporal and physical constraints of the 
manufacturing plant environment. 

(3) A normal distribution of the observed variables to establish the control limits. However, 
this is a requirement difficult to meet in practice since skewness distributions are 
commonly observed. 

 
Statistical analyses are aimed at causal inference [24], where data is generated under 
experimental conditions and used to train explanatory models [17].  These models are then 
commonly validated based on p-values [25]. Data partition is not recommended, since it would 
decrease the power of the analysis. Data snooping is a dangerous practice to be avoided.  
 
On the other hand, MLA learn information directly from data without assuming a predetermined 
equation, probability distribution, or model. They are primarily executed in real-time to predict 
pattern classification (detection), image and voice recognition, anomaly detection, etc. In the 
ML domain, generalization error is a function that measures how well a trained algorithm 
predicts unseen data [26], and it is used to validate/deploy a model to determine if the learning 
targets for a project are met. 
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MLA are trained using observational data [27]; therefore, ML models should not be used for 
theory building [24,17]. Instead, these models should be used to extract information and 
uncover patterns, associations, and correlations for hypothesis building and guiding 
randomized experiments. AI offers a new paradigm for automatic process learning and quality 
control. A contrastive analysis of traditional quality control paradigm based on statistics vs. AI 
is summarized in Table 3. 
 
Table 3. Statistical quality control vs machine learning control.  

 
 
1.4 Research Questions 
 
Based on the discussions in the previous subsections, the following research questions are 
posed:  
• How can AI (ML) be applied to develop a new QC paradigm? 
• How can AI (ML) be applied for defect detection in highly/ultra-unbalanced binary data 

structures? 
• What are the main challenges posed by manufacturing-derived data in terms of detection?  
• What type of manufacturing problems can be solved by AI but not by TQC methods? 
 
1.5 Solution Overview 
 
The goal of this work is to address the research questions posed in Section 1.4.  PMQ, a new 
IBD and AI-driven quality philosophy has been developed considering the challenges posed by 
manufacturing systems [28]. PMQ is founded on BDBM, Figure 3, a modeling paradigm that 
uses real-time observational data to virtually project each manufactured item into a hyper-
dimensional space where those rare quality events can be detected. PMQ proposes a new 
problem-solving strategy: Acsensorize, Discover, Learn, Predict (ADLP) to guide engineers in 
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solving the classification problem, Figure 4. The Learn and Predict steps are solved by BM. As 
shown in Figure 5, PMQ can complement SPC to develop virtually defect-free processes. 
 

 
Figure 3.  BD-BM framework [28]. 

 

 
Figure 4.  PMQ problem solving strategy [28]. 
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Figure 5. Conceptual framework of how PMQ supports SPC in the development of a virtually 

defect-free process. 
 
The modeling paradigm of BM has been developed, which is based on machine learning, 
statistics, and optimization techniques aimed at developing a classifier with the capacity to 
detect rare quality events, see Figure 5. 
 
BM includes a learning aspect that requires many models to be developed to find the final model 
or a group of classifiers (ensemble/non-ensemble); therefore, MS is one of the main challenges 
of BM. To facilitate information extraction and increase model’s “trust-ability” and 
understandability, BM is founded on the principle of parsimony, where parsimony is induced 
through MS and Feature Selection (FS). It is a practical guide for engineers to develop a 
manufacturing functional model for rare quality event detection. The following novel 
developments support the BM learning paradigm. 
 

(1) A learning scheme for the L1-regularized LR was developed, which shows how machine 
learning techniques can be applied for quality control in high conformance manufacturing 
environment and information extraction. To improve the detection ability of this MLA, the 
learning scheme includes the development of a novel algorithm (OCTM) that finds the 
Optimal Classification Threshold (CT) with respect to the Maximum Probability of Correct 
Decision (MPCD).  

 
(2) The HCR filter-type feature selection algorithm eliminates redundant features based on 

Pearson’s correlation coefficients [25] and a feature-ranking algorithm [29]. The basic 
idea is to keep the best feature, e.g., one which is highest ranked, from a group of two 
or more highly correlated features.  
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(3) To select the final model, the PMPCD MS criterion was developed. The proposed 

criterion is estimated based on the confusion matrix and the number of features; 
therefore, it can be widely applied as a MS criterion for virtually any classifier for which 
model complexity can be defined by the number of features (e.g., KNN, SVM, LR, NB). 
PMPCD is aimed at analyzing highly/ultra-unbalanced data structures, where its score 
values mainly indicate the detection ability of the classifier. According to simulation 
results, the criterion always selects the true model. Therefore, it can be applied to solve 
the posed tradeoff between complexity and prediction, as it discards models with extra 
features with little to no discriminatory information. 
 

A novel concept for model selection criterion was introduced. It uses three of the most relevant 
competing attributes of each CM to project them into a 3D space to select the final model that 
solves the posed tradeoff between them the best. The three associated attribute values are 
mapped into a 3D space and the weighted Euclidean distance to the utopian point is computed. 
Then, the closest model is selected. In this context, the utopian point, is an ideal model that 
optimizes the three attribute-functions simultaneously. This concept was extended to the GP, 
SVM and LR MLA. 
 

(4) Since GP is a technique free of human preconceptions or biases that highly relies on 
computer power to develop a good predictive model, this MLA is also part of the solution. 
However, this technique requires the creation/testing of thousands of models to find a 
good model. In this context, selecting the final model is one of the most relevant 
challenges. A 3D MS criterion, 3D−GP, based on prediction, separability, and complexity 
was developed. [30].  

 
(5) Determining the amount of regularization (hyperparameter λ) is one of the main 

challenges of the L1-regularized LR algorithm, which is addressed through MS. A 3D 
MS criterion, 3D−LR, based on prediction, Cross-Entropy Error (CEE), and complexity 
was developed [31]. 
 

(6) The same concept was extended to the SVM algorithm. A 3D MS criterion, 3D−SVM, 
based on prediction, separability, and complexity was developed [32]. 
 

(7) To evaluate the robustness of the detections performed by of GP and SVM models, 3D-
GP and 3D-SVM criteria are supported by novel separability indexes, which are aimed 
at analyzing highly/ultra-unbalanced data structures. Their scores are computed based 
on the confusion matrix and the distance of each item to the CT. First, predicted 
classifications are used to populate the confusion matrix, then the separability indexes 
use the distances to reward for correct classifications (TN,TP) and to penalize for 
misclassifications (FN,FP) in the Validation Set (VS) [30,32]. 

 
In addition to rare quality event detection, three SPC-intractable applications that can be 
addressed by PMQ were identified: (1) infeasible measurement problem, (2) delayed 
measurement problem, and (3) uncertain characteristic problem. Common problems in which 
the requirements (section 1.2.1) are not satisfied. In these three cases, PMQ can supplement 
an empirical predictive framework for process control without SPC, as shown in Figure 6. 
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Figure 6. Application of PMQ without SPC. 
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1.6 Proposed Solution by Chapters 
 
Figure 7 shows a high-level overview of the proposed solution by chapter. 
 

 
 
Figure 7. Proposed solution by chapters 
 
A high-level overview (extended abstract) is included at the beginning of each chapter that 
describes its main content and contributions to the solution of the problem. Empirical 
evaluations of the theoretical developments are performed using a data set derived from the 
UWBT, an extended description of this process is presented on Appendix A. Bibliographic 
references of publicly available data sets used are provided at the end of each chapter. 
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Chapter 2 
 
Machine learning techniques for quality control in high conformance 
manufacturing environment 
 
The primary goal behind the generation and analysis of IBD is to achieve fault-free (defect-free) 
processes, through Intelligent Supervisory Control Systems (ISCS). A Learning Process (LP) 
and Pattern Recognition (PR) strategy for a Knowledge-Based (KB) ISCS is presented, aimed 
at detecting rare quality events from manufacturing systems. The defect detection is formulated 
as a binary classification problem, in which the l1-regularized LR is used as the learning 
algorithm.  

The outcome of the proposal is a parsimonious predictive model that contains the most relevant 
features. The model is validated using data derived from two automotive manufacturing 
systems: (1) UWBT from a battery assembly process and (2) Laser Spot Welding (LSW) 
subassembly components from an assembly process.  Where the main objective is to detect 
low-quality welds (bad) from the processes. Challenges and theoretical properties of the LR 
algorithm are considered in the learning strategy.  

For solving the l1-regularized LR, the Least Absolute Shrinkage and Selection Operator 
(LASSO) is an efficient method. In general, high correlations among features may hamper the 
LASSO in finding the true model. It may not be able to distinguish true features with any amount 
of data and any amount of regularization. Therefore, eliminating highly correlated features is 
one of the main challenges.  

A new hybrid correlation and ranking-based, HCR algorithm is developed. It eliminates 
redundant features based on Pearson’s correlation coefficients and a feature-ranking algorithm. 
The basic idea is to keep the best feature, i.e., highest ranked, from a set of two or more highly 
correlated variables.  

Another challenge for the LR algorithm is to determine the CT. Since faulty events rarely occur, 
manufacturing-derived data sets for binary classification of quality tend to be highly/ultra-
unbalanced. To address this scenario, the MPCD is used as a model selection criterion. Since 
this measure of classification performance is used to evaluate the fitness of each candidate 
model, an algorithm that finds the optimal CT with respect to MPCD (OCTM) is developed. 

Finally, to evaluate its performance, a comparative analysis is performed following a typical 
modeling analysis, and results are compared and briefly discussed. Based on the comparative 
analysis, the models developed following the proposed LP and PR strategy exhibited better 
parsimony properties and good (or even better) detection capacity when compared with a 
typical l1-regularized LR analysis with three popular model selection criteria.  

The proposed approach can be adapted and widely applied to manufacturing processes to 
boost the performance of traditional quality methods and potentially move quality standards 
forward, where soon virtually no defective product will reach the market. Since MPCD does not 
penalize for extra features in the model, adding a penalty term for model complexity was 
identified as a future research work, which is addressed in the following chapter. 
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Chapter 3 
 
Process-Monitoring-for-Quality – A Model Selection Criterion  
 
Due to the “no free lunch” principle, there is no a priori distinction between learning algorithms; 
therefore, many different MLA should be trained and tested to solve the pattern classification 
problem effectively. In this context, MS becomes a critical aspect to develop a manufacturing-
functional model for defect detection.  
 
The new IBD driven manufacturing quality philosophy, PMQ, proposes BDBM, a new modeling 
paradigm that includes a learning process that often requires many models (classifiers) to be 
created to find the final one. Selecting the best single model is one of the most important 
challenges. MS methods are based on the principle of parsimony. Therefore, the best model 
can be defined as the one that efficiently solves the tradeoff between complexity, i.e., number 
of features, and prediction ability.  
 
In manufacturing, model interpretation is very important, since the learned characteristics of the 
system can be used to plan/design experiments to find optimal levels of process/product 
parameter.  This situation highlights the importance of parsimonious modeling. While the Akaike 
Information Criterion (AIC) and Bayesian Information Criterion (BIC) from information and 
likelihood theory are well known MS criterion, they would not be generalized well to 
nonparametric (non-likelihood-based) models. To evaluate the discriminative capacity of a 
feature in a high conformance manufacturing environment, the MPCD was developed. 
However, since it does not penalize for extra parameters, adding a penalty term was the 
research challenge posed, and subsequently solved.  
 
The PMPCD is presented as a MS criterion for binary classifiers in highly unbalanced data 
structures for virtually any classifier where is complexity is defined by the number of features in 
the model. This criterion solves the tradeoff between complexity and prediction ability. Since 
prediction is more important than parsimony, the criterion is mainly driven by prediction. Its 
score value indicates the ability to correctly classify the class with the smaller count. The 
criterion is broken down into two components: the first one rewards the prediction capacity 
based on MPCD and second one is a penalty function that induces parsimony by decreasing 
the PMPCD value based on the extra features.  
 
The main objective of this research is to find the right amount of penalty and to keep prediction 
as the main driver while inducing parsimony. The challenge is to find a scaling factor for the 
penalty term. Experimental conditions to replicate manufacturing-derived data sets are defined 
and simulated; results exhibited the best scaling factor. PMQ proposes a new process learning 
paradigm based on BM that is aimed at improving process control and part quality; however, 
selecting the best single model with respect to parsimony and prediction is one of the main 
challenges. A new MS criterion was developed, PMPCD, for highly unbalanced data structures. 
In contrast with likelihood-based MS criterion, PMPCD is estimated based on the confusion 
matrix and the number of features; therefore, it can be widely applied as a MS criterion for 
virtually any classifier.  
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The main contribution of this work is the approach to find a penalty function of MPCD that 
efficiently solves the tradeoff between model complexity and prediction ability. The penalty 
function was tuned based on its ability to select the perfect model, i.e., that which separates 
the data. PMPCD showed high precision in selecting the perfect model in the simulated 
experimental conditions. According to simulation and experimental results, the model selection 
criterion induces parsimony by selecting the model with the minimum number of features 
needed for an effective/efficient defect detection. In this chapter, a new AI-based modeling 
paradigm is presented that uses PMPCD as a model selection criterion to induce parsimony. 
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Chapter 4 

Process-Monitoring-for-Quality – Big Models  
 
PMQ is a IBD-driven quality philosophy aimed at defect detection (through binary classification). 
It is founded on BM, a predictive modeling paradigm based on machine learning, statistics and 
optimization, that includes a learning aspect that requires many models to be developed to find 
the final model. The term BM was coined to describe a learning paradigm that requires many 
models to be developed to find the final model, or a model combination scheme aimed at 
optimizing the classification performance of a single classifier through a decision combination 
rule. PMQ proposed a four-step problem solving strategy (acsensorize, discover, learn,  and 
predict) to solve the pattern recognition problem, where the learn and predict steps are 
addressed by BM. In big data-based analyses, the data structure is not known in advance; 
therefore, there is no a priori distinction between MLA. Unless a single-feature model perfectly 
separates the two classes, various algorithms should be included in the analysis as an effort to 
improve the prediction ability on unseen data generalization of a single classifier. Pattern 
classification is a broad topic with no universal best approach, finding a superior quality solution 
requires machine learning and domain knowledge.  
 
A learning approach is proposed based on seven MLA and ad hoc model selection/validation 
tools with the capacity to solve a wide spectrum of binary classification problems. The learning 
process is developed considering the main challenges posed by manufacturing-derived data 
sets: (1) many features, including relevant, irrelevant, and redundant; and (2) highly unbalanced 
classes. It is broken down into five steps supported by theory and empirical evidence, in which 
the outcome is a parsimonious predictive system. The proposed learning scheme is a good 
starting point supported by theory and empirical evidence. BM use features defined following 
typical feature construction techniques or from process physical knowledge. They are derived 
from sensor signals obtained from a well acsensorized process.  
 
Since manufacturing systems tend to be time-dependent, model development is performed 
following a time-ordered hold-out data partition strategy. An approach in which a data set is 
divided into three subsets: training, validation, and testing.  
 
Since BM are founded on the principle of parsimony, feature selection is highly recommended. 
Depending on the data structure of the problem, BM can be developed using either one, a few, 
or all the reviewed MLA. From generalization perspective, the main objective of creating many 
models is to prevent overfitting or underfitting the data set by hyperparameter tuning. 
Developing Big Models is a multi-step approach: (1) data preprocessing, (2) model creation, (3) 
model validation/selection, (4) prediction optimization, and (5) model testing. High level 
knowledge can be extracted through BDBM which can be used for redesigning manufacturing 
processes.  
 
Two cases studies were performed on real data to validate the proposed learning framework. 
With no prior knowledge about the underlying system that generated the data sets, the pattern 
recognition problem was effectively solved by the BM learning paradigm. In the first case study, 
the pattern was better approximated by linear classifiers and the prediction was optimized 
through a non-ensemble combination.  In the second case study, the pattern was better 
recognized by nonlinear algorithms and no decision combination outperformed a single model. 
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The case studies exhibited the capacity of BM to solve a wide spectrum of binary classification 
problems. Parsimonious modeling helped to identify the most relevant features.  
 
Binary classification is a very broad topic, with a plethora of options. Poor domain knowledge 
can lead to a low-quality solution. A good starting point based on theory and empirical evidence 
was presented here. This paper addressed the learning problem of PMQ, which is solved by 
BM. A learning paradigm that requires many models to be developed to find the final model. 
Manufacturing pattern recognition problems pose several challenges. The theoretical aspect of 
modeling these data sets was reviewed. A learning scheme was developed based on seven 
MLA, which have the capacity to solve a wide spectrum of binary classification problems. BM 
can mine massive amounts of data to learn manufacturing systems. Predictive model and 
derived knowledge, have the capacity to solve complex manufacturing problems that cannot be 
efficiently solved by traditional quality methods. And therefore, potentially move the process 
learning curve off the plateau of no progress. Once the ability of BM to detect rare quality events 
was demonstrated, the next research challenge was to determine how this QC paradigm can 
be applied to solve SPC-intractable problems, results of the study are presented in this chapter. 
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Chapter 5 
 
Process-Monitoring-for-Quality – Applications  
 
PMQ makes a limited statement about the quality of a manufactured item when a direct 
measurement of the quality is not practical or not possible. PMQ uses real time manufacturing 
process data to declare an item as either ‘‘good” or ‘‘suspect/bad”. Traditional quality 
techniques, such as SPC, require first principle understanding of the process and a mature 
understanding of the product and a methodology for verifying the quality of each manufactured 
item. When these requirements are not met, as shown in this paper, the process cannot be 
effectively controlled.  
 
Though the context of the development and application of PMQ were very specific, the potential 
applications are broader with the capacity to solve SPC-intractable problems.  PMQ enhances 
and extends standard SPC with an empirical predictive framework by addressing three 
incomplete background knowledge situations that SPC or traditional quality control cannot: (1) 
infeasible measurement problem, (2) the delayed measurement problem, and (3) the uncertain 
charactersitc problem.  The infeasible measurement problem occurs when a physical 
characteristic exists and is measurable; however, it may not be feasible to measure it within the 
time constraints of the manufacturing process.  The delayed measurement problem occurs 
when there is a delay in the time of measurement and the buffer has a large capacity.  All items 
in the buffer are suspect when a problem is detected at the measurement station. Extra time 
and expense are required to test and possibly repair or scrap the items.  Finally, the uncertain 
characteristic problem occurs when the quality control procedure cannot even begin because 
the quality characteristic is ‘‘uncertain”.  
 
This study also illuminated three specific applications that are worth of future investigation: (1) 
multiple testing, (2) learning catalyst, and (3) usage monitoring for quality (UMQ).  For the first, 
the PMQ rule can be used with the traditional quality test to form a new test comprised of two 
sub-tests.  In the second, PMQ can be divorced from the immediate process and be used for 
continuous learning about the process.  For the third, SPC is often thought of as only an intra-
plant activity, but the BDBM environment demonstrates that it is also an extra-plant activity 
because a manufactured item’s performance data can be (and often is) collected on the item 
during its service life. These three applications have also the potential to enhance the quality 
movement. PMQ is an addition to SPC, since it does not rely on the first principle understanding 
of the process though it is equipped to exploit any such knowledge. Modern plants generate 
large volumes of data from processes that are complex and not necessarily understood from 
the first principle perspective. In such situations, PMQ and its potential extensions give new 
meaning to and opportunities for continuous improvement and control in manufacturing. 
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Chapter 6 
 
Conclusions 
 
A summary of the contributions of this work to the field is presented, followed by the detection 
results of the three manufacturing case studies.  Global conclusions and future research work 
conclude this chapter. 
  
6.1 Contributions 
 
PMQ is an IBD- and AI-driven quality philosophy founded on BM, as shown in Table 4 (e).  PMQ 
is a novel approach that adds prediction to the quality control space. This new philosophy poses 
several theoretical challenges that must be addressed before it can be generalized across the 
manufacturing industry and materialize its contribution in the quality movement. This research 
work addressed a few of these challenges, specifically in its application for rare quality event 
detection in highly/ultra-unbalanced data structures. 
 
Table 4. PMQ, a new quality philosophy for defect detection [28]. 

 
 
The modeling paradigm of BM was developed and is based on several well-known MLA (SVM, 
LR, KNN, ANN, RF, NB) ad hoc model selection/validation tools and prediction optimization 
techniques. It was developed by considering the time-dependency of manufacturing systems, 
and it also eliminates the overoptimistic-biased created by the iterative learning process of MLA. 
BM facilitates information extraction, as it is founded on the principle of parsimony.  
 
To boost parsimony and detection ability, the proposed modeling paradigm includes several 
novel developments that are aimed at analyzing highly/ultra-unbalanced data structures and 
hyper-dimensional feature spaces (IBD): 
 

• A learning scheme aimed at rare quality event detection based on the L1-regularized LR 
algorithm was developed, following the BM learning paradigm. It includes the OCTM 
algorithm aimed at finding the optimal CT and the HCR filter-type redundant-feature-
elimination algorithm. 

 
• To boost parsimony, the PMPCD MS criterion was developed, which is aimed at inducing 

parsimony while maintaining detection as the main driver. It is a generic model selection 
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criterion that can be virtually applied to any model in which its complexity is mainly 
defined by the number of features it contains (SVM, NB, LR, KNN, etc.).  

 
• To optimize the detection ability of a top-performer classifier, a decision combination 

approach was proposed. The proposed rules can efficiently identify the combination rule 
and which models should be included in the ensemble/non-ensemble decision system 
to optimize prediction. 
 

• To boost parsimony, a series of three-objective optimization MS criteria were developed: 
(1) 3D−GP, for GP-based models, 3D−LR, for LR-based models and 3D−SVM, for SVM-
based models. 

 
• To evaluate the robustness of prediction of a classifier, two novel separability indexes 

founded on the margin theory were developed. 
 
Finally, three intractable manufacturing problems when SPC solution is not feasible were 
identified: (1) infeasible measurement problem, (2) delayed measurement problem and (3) 
uncertain characteristic problem. These problems helped to disseminate the application of PMQ 
the manufacturing industry. 
 
6.2 Main Results 
 
To demonstrate the ability of the BM modeling paradigm to detect defects and to identify the 
driving features, three data sets derived from real manufacturing processes were analyzed: (1) 
UWBT, (2) LSW, and (3) SDD. The initial number of features, features in the final model, MLA 
used in the solution, confusion matrix, 𝜶 and 𝜷 errors, percentage of detection and MPCD 
scores are reported in Table 5. To report an unbiased detection ability of the solutions, all values 
are based on the test set (i.e., training, validation, test).  
 

Table 5. Detection results by data set. 
Data 
set Features 

Driving 
Feat. MLA FN FP TN TP α β 

% 
detected MPCD 

UWBT 54 4 LR 0 20 9973 7 0.0020 0 100% 0.9980 

UWBT 54 13 *ANN, SVM 0 3 9490 7 0.0003 0 100% 0.9997 

LSW 2199 1 LR 0 0 50 27 0 0 100% 1 

SDD 48 3 KNN 3 27 10973 1097 0.0025 0.0027 99.72% 0.9948 

*A multi-classifier solution with a predefined decision combination scheme. 
 

According to the three case studies, classifiers developed using the BM learning paradigm have 
the potential to virtually detect all defects with a very low false positive rate (𝜶 error). In addition, 
since BM is founded on the principle of parsimony, the driving features of each system were 
identified which are only a small fraction of the initial feature space. 
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6.3 Global Conclusions  
 
Although terms like Industry 4.0 and Quality 4.0 [33], may seem too broad for quality leaders 
and organizations to be able to take any specific action, with the introduction of PMQ, a route 
for value-creation out of AI was paved. 
 
Today’s business environment sustains mainly those companies that are committed to a “zero-
defect policy”. Although TQC methods are applied to make a process extremely reliable, they 
have plateaued off, and their limitation in solving complex problems, managing IBD and virtually 
creating a defect-free process is evident. 
 
The quality movement includes controlling, managing, reacting and proactive quality 
philosophies, in which the problem-solving strategy has been adapted based on the goals of 
each philosophy. PMQ is an addition in this movement. It is a predictive philosophy that has 
also adapted the problem-solving strategy to guide engineers in efficiently solving the pattern 
classification problem.  
 
The learning and predicting steps of this strategy are solved by BM, which can mine massive 
amounts of data to automatically learn models that represent manufacturing systems, and, 
therefore, move the process learning curve off the plateau of no progress. 
 
Pattern classification is an extremely broad topic with a plethora of options. Poor domain 
knowledge can lead to a low-quality solution. The BM modeling paradigm was developed based 
on theory and empirical evidence to guide manufacturing engineers to efficiently solve the 
problem or to determine, under uncertainty, if the learning targets for the project can or cannot 
be met. Based on empirical results, there is compelling evidence to conclude that this modeling 
paradigm is a step forward in the development of a “zero-defect policy”. 
 
Today’s innovative manufacturing environment and competitive business environment 
sometimes force the launching of a product even though the three requirements for an SPC 
program cannot be satisfied. In these cases, PMQ can supplement an empirical predictive 
framework for process control without any other QC tool – as demonstrated in the Chevrolet 
Volt case study. Thus, PMQ applications and its potential extensions provide new meanings to 
and opportunities in the path of continuous improvement. 
 
PMQ was designed to model uncertainty, therefore it should be applied to support SPC or to 
address situations in which SPC is not feasible, but PMQ was not designed to replace a first 
principle-based solution (when it is available). Moreover, PMQ was designed to be applied to 
discrete manufacturing systems, where its application to continuous processes is out of the 
scope. Finally, the extension of PMQ to detect more than one defect is straight forward (each 
class against all [34]), if each defect is well characterized in the training data. 
 
According to the quality legend Dr. Joseph Juran (1904-2008), the 20th century was a century 
defined by productivity. He promised that the quality movement had just begun, and the 21st 
century would be the century of quality [35,36]. Therefore, it is clear that – while necessary – 
TQC and improvement techniques will not be enough; PMQ is a step forward in satisfying the 
expectations of customers in this century. 
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6.4 Future Work 
 
This research work can be extended in the three following topics: 

1. Usage Monitoring for Quality (UMQ), where extra-process data are used to improve the 
manufacturing process.  

 
2. Adaptive learning, frequently the training set do not include all the possible defects that 

can be generated by the process, consequently novel defects are not detected. To 
create the defect-free process described in Figure 5, an automatic relearning system is 
required, Figure 8. 

 

 
Figure 8. Relearning scheme based on undetected defective items. 

 
3. Deep learning comprises a set of algorithms that automatically discover expressive 

features to develop a detection task. Defects can be detected through image recognition. 
In this context, this learning technique is also a future work to be considered to replace 
human-based inspections, especially considering that in 2015, deep learning surpassed 
human accuracy [37]. 

 
Appendix A 

The main dataset used in this research work was derived from the ultrasonic welding of battery 
tabs for the Chevrolet Volt. It was generated in 2014 and stored in GM’s repository. 

Ultrasonic welding is an ideal process for bonding conductive materials such as copper, 
aluminum, brass, gold, and silver and for joining dissimilar materials. Recently, it has been 
adopted for battery tab joining in the manufacturing of vehicle battery packs. It is a joining 
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process where entities that are in physical contact are joined by rapid relative motion between 
adjacent surfaces.  

An ultrasonic welder is a device that generates vibrations in a transducer assembly and applies 
them to the work pieces via a knurled sonotrode/horn. The work pieces are supported by a 
stationary knurled anvil. The sonotrode presses against the anvil, with the work pieces between, 
and vibrates (tangentially to the surface of the work pieces). During the welding process, the 
sonotrode presses against the anvil and compresses the work pieces. Too little pressure results 
in no weld; too much pressure destroys the weld. Hereafter, the sonotrode and the anvil will be 
collectively referred to as the tool. Figure 9 shows these components in a schematic of an 
ultrasonic welding application for battery tabs. 

The battery cells used in the Volt battery come as pouches with tabs for electrical connection 
as shown in Figure 10(a). A cell group consists of three cells that are stacked together 
(electrically in parallel) and physically joined at the tabs to a busbar on an interconnect board 
as shown in Figure 10(b). All the cells that were joined to the same interconnect board 
constituted a module, and the busbar provided the series current carrier for the cell group in a 
module. The final battery pack (Figure 10(c)) was a series connection of such modules. 
Because the connections were in series, every single weld had to perform for the battery to 
function. Each weld had to meet two criteria: one was the mechanical strength of the weld and 
the other was its electrical conductance. The definitive test for strength is to pull the welds apart 
and note the force.  

A primary source of data comes from the welder controller. The operational mode of the 
controller is determined by user specified parameters. The controller outputs a power signal to 
indicate the faithfulness of the performance to the specified mode. 

 

Figure 9. Ultrasonic welding schematic for battery tabs. 
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Figure 10. The first generation Chevrolet Volt battery. 

Following basic engineering knowledge and experience, the following sensors and example 
signals were deployed and collected respectively: 

• The internal high-resolution power curve over the entire processing period was captured 
(Figure 11(b)) in addition to the readily available low-resolution power curve of the 
welding (Figure 11(c)). 

• A temperature gauge was proposed (but not initially implemented). 
• An acoustic sensor (a microphone) (Figure 11(a)) was added to hear beyond the human 

range (Figure 11(d)) 
• A linear variable differential transformer (LVDT) (Figure 11(a)) was added to measure in 

real time the compression (Figure 11(e)) of the battery tabs. 

 
Figure 11. Acsensorization of ultrasonic welder and an example of observed signals. 

 

The intent of acsensorization is to ensure that all the physical aspects of the process are 
captured so that information from the data could provide an insight into the process. In addition 
to the choice of sensors, the characteristics of the sensors, such as their range of sensitivity, 
and their placement and installation require engineering expertise.  
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