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Abstract  

The manufacturing industry is undergoing significant transformation towards electrification (e-

mobility). This transformation has intensified critical development of new lightweight 

materials, structures and assembly processes supporting high volume and high variety 

production of Battery Electric Vehicles (BEVs). As new materials and processes get developed 

it is crucial to address quality defects detection, prediction, and prevention especially given that 

e-mobility products interlink quality and safety, for example, assembly of ‘live’ battery 

systems. These requirements necessitate the development of methodologies that ensure quality 

requirements of products are satisfied from Job 1. This means ensuring high right-first-time 

ratio during process design by reducing manual and ineffective trial-and-error process 

adjustments; and, then continuing this by maintaining near zero-defect manufacturing during 

production by reducing Mean-Time-to-Detection and Mean-Time-to-Resolution for critical 

quality defects. Current technologies for isolating and mitigating quality issues provide limited 

performance within complex manufacturing systems due to (i) limited modelling abilities and 

lack capabilities to leverage point cloud quality monitoring data provided by recent 

measurement technologies such as 3D scanners to isolate defects; (ii) extensive dependence on 

manual expertise to mitigate the isolated defects; and, (iii) lack of integration between data-

driven and physics-based models resulting in limited industrial applicability, scalability and 

interpretability capabilities,  hence constitute a significant barrier towards ensuring quality 

requirements throughout the product lifecycle. 

The study develops a transformative framework that goes beyond improving the 

accuracy and performance of current approaches and overcomes fundamental barriers for 

isolation and mitigation of product shape error quality defects in multi-station assembly 

systems (MAS).  The proposed framework is based on three methodologies which explore 

MAS: (i) response to quality defects by isolating process parameters (root causes (RCs)) 

causing unaccepted shape error defects; (ii) correction of the isolated RCs by determining 

corrective actions (CA) policy to mitigate unaccepted shape error defects; and, (iii) training, 

scalability and interpretability of (i) and (ii) by establishing closed-loop in-process (CLIP) 

capability that integrates in-line point cloud data, deep learning approaches of (i) and (ii) and 

physics-based models to provide comprehensive data-driven defect identification and RC 

isolation (causality analysis). The developed methodologies include: 

(i) Object Shape Error Response (OSER) to isolate RCs within single- and multi-station 

assembly systems (OSER-MAS) by developing Bayesian 3D-convolutional neural network 

architectures that process point cloud data and are trained using physics-based models and have 

capabilities to relate complex product shape error patterns to RCs. It quantifies uncertainties 

and is applicable during the design phase when no quality monitoring data is available. 

(ii) Object Shape Error Correction (OSEC) to generate CAs that mitigate RCs and 

simultaneously account for cost and quality key performance indicators (KPIs), MAS 

reconfigurability, and stochasticity by developing a deep reinforcement learning framework 

that estimates effective and feasible CAs without manual expertise. 

(iii) Closed-Loop In-Process (CLIP) to enable industrial adoption of approaches (i) & (ii) by 

firstly enhancing the scalability by using (a) closed-loop training, and (b) continual/transfer 

learning. This is important as training deep learning models for a MAS is time-intensive and 

requires large amounts of labelled data; secondly providing interpretability and transparency 

for the estimated RCs that drive costly CAs using (c) 3D gradient-based class activation maps. 

The methods are implemented as independent kernels and then integrated within a 

transformative framework which is further verified, validated, and benchmarked using 

industrial-scale automotive sheet metal assembly case studies such as car door and cross-

member. They demonstrate 29% better performance for RC isolation and 40% greater 

effectiveness for CAs than current statistical and engineering-based approaches. 
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1 Introduction  

1.1 Background and Motivations under Industry 4.0 

The manufacturing industry is under tremendous pressure to consistently deliver high-

quality products while ensuring high productivity and cost-efficiency in the face of 

increasing product variety and smaller batch sizes. Moreover, it must do so with ever-

decreasing time-to-market. These requirements necessitate the development of 

methodologies that ensure quality requirements of products are satisfied from Job 1 by 

ensuring that quality issues are isolated and mitigated efficiently and effectively. This 

means ensuring right-first-time and continuing this requirement throughout the new 

product introduction (NPI) stages, namely design, pre-production, production launch 

and full production towards near zero-defect manufacturing. Therefore, the 

manufacturing industry needs a transformative framework [1]–[3] that can enable 

scalable digitalization and integration of 3D scanners data [4], artificial intelligence 

(AI) algorithms [5], and  Computer-Aided Engineering (CAE) simulations [6]. 

Currently, point cloud-based quality monitoring data captured by 3D scanners provides 

capability to monitor product 3D shape variations. However, the capability to leverage 

point cloud data to isolate and mitigate quality issues does not exist as current 

approaches are designed to work on few sampled points and are based on statistical 

analysis or engineering expertise and cannot leverage the granular shape information 

provided by high-dimensional point cloud data. Deep learning-based AI algorithms 

provide capabilities to extract actionable insights from high dimensional point cloud 

data and can potentially be leveraged to isolate and mitigate sources of quality issues 

to ensure high quality and productivity with cost-efficiency. However, while 3D 

scanners data supported by deep learning algorithms can provide comprehensive data-

driven correlation analysis critical for isolation of quality issues, it is insufficient to 

determine and mitigate the causality or root cause(s) (RC(s)) of the quality issue. The 

determination of this causality further requires integrating data and physics-based CAE 

models, currently lacking in the industry. These gaps do not allow in-process [1] root 

cause analysis (RCA) or correction of quality issues necessary to prevent defects 

generation and their propagation in multi-stage manufacturing systems. Addressing 



- 2 - 

  

these gaps requires a framework integrating 3D scanners data, AI algorithms and CAE 

simulations. The framework must have the capability to leverage product/process data 

(for e.g., point cloud from 3D scanners) to isolate RCs of quality issues and further 

estimate corrective action(s) (CAs) that mitigate the sources of quality issues in an end-

to-end manner. An end-to-end attribute of the aforementioned framework can be 

interpreted as the capability to transform high dimensional data collected from 

manufacturing systems into actionable insights such as RCs and CAs to mitigate quality 

issues without the need for any manual expertise. 

Developing such an end-to-end framework enables the realization of various 

Industry 4.0 milestones such as Zero-Defect-Manufacturing, Right-First-Time and 

Resilient Manufacturing [7] which eventually drive towards scenarios where all quality 

requirements are met from Job 1. Industry 4.0 is referred to as the fourth industrial 

revolution that aims to enable autonomous decision-making processes by leveraging 

capabilities provided by advanced data collection and analysis technologies [1].  Zero-

Defect-Manufacturing and Right-First-Time aim to prevent quality defects. 

Simultaneously, resilient manufacturing systems strategies integrate capabilities within 

the system to recover quickly from such defects within a stipulated amount of time. 

These milestones collectively drive towards manufacturing scenarios where all quality 

requirements of manufactured products are satisfied. However, achieving these 

milestones is challenging due to increased product variety and smaller batch sizes with 

ever-decreasing time-to-market. Traditionally dimensional quality has been the key 

criteria for automotive manufacturers to remain competitive, reduce quality costs and 

ensure high customer satisfaction. In new trends such as e-mobility (also known as 

Battery Electric Vehicle (BEV)) dimensional quality plays a much bigger role as it is 

directly linked with safety and electrical functionality. E.g., in automotive battery 

packs, there need to be no gaps in the battery enclosures to prevent water and chemical 

leakage, any defects within such systems can lead to safety issues. Secondly, battery 

packs consist of a large number of interconnected cells that require mechanical and 

electrical connections [8]. Any defects in the connectivity will cause electrical 

functional failures hence compromising the battery pack. These interdependencies lead 

to manufacturing processes requiring high right-first time during design and then zero-
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defect manufacturing during production. Hence it is essential to develop closed-loop 

transformative frameworks for the realization of such stringent requirements. 

Currently, numerous manufacturing applications require fully automatic robotic 

assembly stations, each with multiple stages involving positioning, clamping, fastening 

(joining), and release (PCFR) to be placed in the production line [9]–[11]. These are 

known as multi-station assembly systems (MAS).  Each robotic assembly station 

comprises a robot with end effector holding joining head (i.e., laser welding, resistance 

spot welding (RSW), self-piercing riveting (SPR), friction stir welding (FSW), among 

others), and fixtures locating parts to be assembled. A typical production MAS line for 

automotive body assembly (Body-in-White (BIW)) consists of hundreds of stamping 

parts and components processed along 60-85 assembly stations with a production rate 

of 30-65 vehicles per hour with 3-5 varieties of vehicles being produced simultaneously 

on a single assembly line [9] [54]. An example of a BIW MAS is given in Fig.  1.1. All 

elements of the robotic station are affected by inherent variation caused by initial 

calibration, process deterioration, and routine maintenance, and as a result, might lead 

to diminished product quality. Diminished dimensional quality leads to increased risks 

of failure to deliver products at the required functional performance [12]. 

 
Fig.  1.1. Body-in-white multi-station assembly 
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Additionally, many products are made of deformable non-ideal parts [9], for 

which dimensional and geometric error/variation (shape error) is one of the leading 

quality problems. Two-thirds of all quality issues in the automotive, aerospace, and 

shipbuilding sectors occur due to dimensional variations [12]. Hence, it is essential to 

develop approaches to ensure that MAS can continue to produce high-quality products 

in the presence of non-ideal parts [9][13]. Non-ideal parts can be considered as objects 

characterizing a genuine manufactured part with dimensional and geometric variations 

[14] termed as Object Shape Errors [15]. The developed approaches should be capable 

of isolating and mitigating the RCs, i.e., sources of object shape error defects. This 

requires capabilities for accurate root cause analysis (RCA: isolation of sources of 

object shape error; also called as RC isolation) and furthermore, design and 

implementation of feasible and effective CAs for mitigation of sources of object shape 

error within MAS. Hence, there is a need to develop a transformative framework for 

integrating 3D Scanners data, deep learning models and CAE simulations to ensure 

isolation and mitigation of object shape errors within MAS. This framework will be 

underpinned by approaches researched and developed as kernels through the work 

undertaken in this thesis.  These approaches will have capabilities to map data 

collected from MAS to actionable insights such as RCs and CAs in an end-to-end 

manner. The main elements of the proposed framework with the underpinned 

approaches are discussed below.   

Recent advances in measurement technology such as 3D Optical Scanners [4] 

(please also see Appendix A for more details) that leverage multi-wave light 

technologies have enabled in-line measurement for dimensional quality of free form 

compliant surfaces such as sheet metal parts [16][17]. These provide high-resolution 

point cloud data on a relatively large coverage area of up to 500 × 500 𝑚𝑚 in a short 

cycle time and a sufficient working distance [18]. However, currently there is no 

approach that can analyse high-dimensional point cloud data to obtain actional insights 

related to quality issues. Hence, it is crucial to develop an approach that can be trained 

and deployed in MAS with 3D Scanners and effectively extract local and global spatial 

features from the point cloud data and next leverage the features to isolate and mitigate 
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sources of object shape error. This approach will be developed as a part of Chapter 3. 

As markets get competitive in terms of product quality, production volume and 

costs, manufacturers aim to leverage recent developments in artificial intelligence. 

Deep neural networks (please see Appendix A for more details) have revolutionized 

data-intensive tasks that involve generating insights from high dimensional input data 

[19], [20]. Generally, 2D/3D Convolutional neural networks (CNN) are known to 

perform well for analysis of spatial data such as depth images [21], point clouds [22], 

mesh [23], and medical scans [24]. They have seen recent applications for tasks such 

as control systems [25], object detection [20], video analysis [26] and cancer detection 

[27]. Manufacturing is one of the major domains that has benefited from this 

development [28] [29]. However, currently, there are no deep learning approaches that 

can transform the shape error information into RCs or CAs corresponding to quality 

issues. Hence, it is crucial to develop architectures that can utilize the spatial 

correlation present in point cloud or mesh data of non-ideal parts (objects) and build 

models that isolate RCs of object shape error. This approach will be developed as a 

part of Chapters 3 and 4.  

Computer-Aided Engineering (CAE) simulations enable modelling propagation 

of shape error in MAS through a combination of simulation and Finite Element Method 

(FEM) techniques [30]. These techniques have been known as Variation Simulation 

Analysis (VSA) [31][32]. These enable accurate estimation of variations (shape error) 

in MAS with non-ideal objects through high-fidelity multi-physics, first-principle 

models. Hence, they can potentially provide comprehensive datasets from the design 

phase of the MAS itself when no production data is available. The data includes various 

combinations of the shape error source input, i.e. process parameters of MAS and the 

corresponding estimated shape error output in the form of point clouds or mesh [6]. 

However, currently, there is no approach to effectively sample and build training 

datasets from CAE simulators. Hence, it is crucial to develop an approach that can 

enable intelligent sampling from the CAE simulators and build comprehensive datasets 

essential to train models that enable isolation and mitigation of various sources of 

object shape error. This approach will be developed as a part of Chapters 3,4 and 5. 
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Furthermore, manufacturing applications require that the RC isolation 

approaches will be supported by uncertainty quantification to provide an initial basis 

for cost/benefits analysis for potential CA implementation. Also, recent developments 

in explainable artificial intelligence [33] cautions making real-life decisions based on 

point estimates. Hence, from a probability theory perspective, artificial intelligence 

models should quantify the uncertainty in their predictions. Extensive work has been 

done on adding a Bayesian approach to neural networks that enables quantification of 

predictive uncertainty, prevents overfitting and requires comparatively lesser data to 

train [34]. Successful applications have been made in healthcare [24] and load 

forecasting [35]. Such models enable the segregation of the uncertainties into aleatoric 

and epistemic, the former quantifying the uncertainty due to uncontrollable factors such 

as system noise. In contrast, the latter quantifies uncertainties due to model structure 

and insufficient training data [36]. The manufacturing approaches for isolation and 

mitigation of RCs require uncertainty quantification due to shortcomings within CAE 

models, limited training data and noise within the incoming point cloud quality data. 

However, currently, no approach does the same, and hence, it is crucial to incorporate 

this capability of uncertainty quantification when building models for RC isolation as 

they drive costly CAs. This approach will be developed as a part of Chapter 3. 

The determination of CAs to mitigate the isolated RCs is performed using two 

separate but interlinked steps (i) isolation of the RC using process and quality data and 

supported by statistical or deep learning approaches; and, (ii) determination and 

implementation of CA(s) to mitigate RCs which is currently based on experience and 

expertise to account for MAS constraints and stochasticity. The two steps are not 

seamlessly integrated in an end-to-end manner. As a result, the implementation of CAs 

can lead to high mean-time-to-resolution (MTTR) of quality defects that increases 

machine downtime, scrap and/or need for rework or repair, thereby, increasing the cost 

of quality and reducing productivity. Even the most experienced team is not able to take 

into consideration all stochasticities of manufacturing systems which directly affect 

mapping between RCs and CAs. At present there are no systematic data-driven 

analytical approaches that can link both steps into a single end-to-end approach, i.e., an 

approach that spans from quality data to RCs and to CAs via a single forward pass 
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without the need for experience and presence of human expert in the loop. This is 

primarily because currently, there are no CA approaches that can mathematically 

formulate the steps necessary to determine and implement CAs, thereby, resulting in 

CAs that are dependent on extensive manual expertise. Frequently, manually 

determined CAs cannot be implemented given the constraints of the system, such as 

ongoing production schedules or/and lack of clear cost/benefits analysis; this further 

motivates the need for end-to-end approaches that can transform manufacturing data 

to RCs and effective and feasible CAs that can be implemented within reasonable time 

and costs. This approach will be developed as a part of Chapter 6. 

Reinforcement learning has performed well in various end-to-end tasks by 

training agents to optimize their control in an environment to obtain the maximum 

reward by learning state and action values and further learning optimal policies based 

on the values [37] [38]. Recently capabilities of deep neural networks in extracting 

features from high-dimensional image, video and text data and then building models to 

generalize across a wide variety of tasks have been integrated with reinforcement 

learning. The integration is known as deep reinforcement learning (DRL) [37]. It aims 

to integrate deep neural networks' feature extraction and generalization capabilities with 

sequential decision-making capabilities of reinforcement learning to build agents that 

can take optimal actions in complex environments with high-dimensional state or action 

spaces. To date, DRL has transformed end-to-end data-intensive tasks that involve 

taking actions based on high-dimensional data such as images and videos [37] and have 

achieved superior performance on complex games such as Atari and Go  [37] [38]. 

Manufacturing has also benefitted from such approaches for scheduling and planning 

[39]. Various successful applications have been shown in robotics and control systems 

[40] [41]. These advances provide an opportunity to develop end-to-end approaches 

that can transform manufacturing data to RCs and effective and feasible CAs that can 

be implemented within reasonable time and costs. As such approaches currently, do not 

exist, hence, it is crucial to develop approaches that leverage DRL and generate CAs 

that mitigate RCs of object shape errors while accounting for incoming stochasticity 

and MAS constraints.  Additionally, ideally, such an approach should be applicable 

across the NPI lifecycle from design through production launch until full production. 
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This approach will be developed as a part of Chapter 6. 

The discussions above collectively drive the need for development of approaches 

integrating 3D Scanners, deep learning and reinforcement learning models and CAE 

simulators. These approaches should isolate (also known as diagnosis or perform RCA) 

and mitigate (also known as correction or CA) sources (also known as RCs) of object 

shape errors within MAS. While doing so, they should overcome various requirements 

and challenges currently not addressed by state-of-the-art methods and provide an end-

to-end transformative framework that helps achieve conformance to quality 

requirements through all phases of the NPI and production lifecycle. 

1.2 State-of-the-art Limitations and Research Requirements 

Past approaches for RC isolation of shape error (dimensional and geometric variations) 

in single and multi-station assembly systems have seen much development in industrial 

applications and academic research. These models [42] can be grouped into two 

categories: (a) knowledge-based models; and (b) estimation-based data-driven models 

leveraging statistical and machine/deep learning techniques [43]. For single station 

systems, Apley and Shi [44] established a deviation transfer model based on process 

information such as fixture positioning and used least-squares to diagnose fault sources. 

Chang et al. [45] leveraged a linear model between shape error sources and 

measurement features followed by parameter estimation and statistical tests to diagnose 

shape error sources. Yu et al. [46] leveraged influence coefficients based on finite 

element modelling to establish shape errors between the sources of variation and 

measurements of flexible sheet metal parts. Further least-squares estimation was used 

to estimate errors in fixture positioning. 

For MASs, Agarwal et al. [47] used regression models of sensor data. Zou et al. 

[48] proposed integrating BIC with LASSO variable selection. Shang et al. [49] 

proposed a Binary State Space Model (BSSM) for MASs to perform binary diagnosis. 

Jin et al. [50] proposed state-space and stream-of-variation (SoV) for multi-station 

shape error propagation of automotive assemblies. Ding et al. [51] extended the SoV 

method of assembly shape error of rigid parts using state-space considering different 
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fixture locating schemes. Leveraging the concept of SoV, various RCA models for 

MASs have been proposed. Ding et al. [52] [53] compared different variance estimation 

techniques and concluded a basis for method selection under different scenarios. 

Ceglarek and Prakash [54] proposed a shape error diagnosis based on enhanced 

piecewise least squares (EPLS) to detect and isolate collinear dimensional faults caused 

by fixture variation. Ceglarek and Shi [55] [56] employed pattern matching to diagnose 

fixtures based on principal component analysis. Liu and Hu [57] used designated 

component analysis for shape error diagnosis of flexible sheet metal parts. Various 

enhancements have been proposed using the knowledge of MASs [58] [59]. Given the 

ever-increasing complexity of MASs, increased computation capabilities and 

developments in machine learning, recently, RCA approaches [43] using machine 

learning have been proposed to overcome limitations of the above-stated methods such 

as linear approximations of the MAS. Du et al. [60] utilized artificial neural networks 

to monitor and identify process variability. Beruvides et al. [61] applied reinforcement 

learning to perform RCA. Bayesian Networks [62], [63] are seen as an alternative to 

solve small dataset problems and integrate process data and engineering knowledge. 

Overall, the aforementioned approaches for RCA are approximately linear and 

are designed to work for a relatively small number of measurement points on each 

manufactured sub-assembly or final assembly (object). This significantly limits the 

application of 3D object shape error diagnosis in MAS.  In MAS, final product accuracy 

and performance depend upon the accumulated performance of individual stations in 

the system. The quality of the subassemblies and the final assembly is influenced by (i) 

incoming non-ideal and deformable parts quality (dimensional accuracy); (ii) assembly 

process in each assembly station as determined by Positioning Clamping Fastening 

Release (PCFR) of each part and subassembly (object) in each assembly station as 

objects move through PCFR stages in each assembly station and then though all 

assembly stations of the MAS (shape error is being induced by all PCFR stages, 

controlled by fixturing and joining operations); (iii) product design as determined by 

object-to-object interactions within each station and further magnified between 

stations; and, (iv) MAS process as determined by station-to-station interactions due to 

re-orientation errors between stations (change of fixture locating layout between 
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stations).  

 The approaches for RC isolation of 3D object shape errors in MAS must have 

the capability to satisfy several requirements concerning:  

(i) High data dimensionality of a batch of 3D objects [64], which are defined by CAD 

(ideal parts) and point clouds (non-ideal parts) with millions of points for each part 

or subassembly (objects). 

(ii) Non-linearity due to compliant parts being constrained by assembly fixtures and 

part-to-part interactions  [65][66]. 

(iii) Collinearities, as many manufacturing systems, are ill-conditioned [67], with error 

patterns of crucial process parameters being near parallel, thus, yielding widely 

discrepant results. 

(iv)  High faults multiplicity [68] as current near-zero-defects strategies require taking 

into consideration 6-sigma defects that lead to redefining defects from binary {0,1}, 

i.e., fault/no-fault, to continuous [0,1], i.e., the fault being measured as a level of 

variation with dynamically changing threshold of acceptance, that significantly 

increases fault multiplicity. 

(v) Uncertainty quantification in the RCA output,  as the identified RC frequently leads 

to costly corrective actions [69]. Therefore, it is crucial to enhance the RCA model 

by an uncertainty estimation of the predictions. 

(vi)  Dual data generation capability by using metrology gages (3D scanners) and 

multi-physics-simulator needed for RCA model training.  As the RCA model needs 

to be trained on a vast number of fault scenarios, which cannot be generated via 

physical systems; and the training needs to be done before the physical assembly 

systems are ready for production; there is a crucial need to generate data via high 

fidelity multi-physics simulator for training RCA model. Then, the RCA model will 

use point-cloud data of free-form surfaces obtained via a robotic 3D scanner when 

implemented in a physical system.  

(vii) High dimensionality and heterogeneity of process parameters [70], as MASs 

have a large number of process parameters inclusive of (a) real-valued parameters 

for non-ideal parts and fixturing/tooling (Positioning (P) and Clamping (C) stages 

of the assembly cycle); and, (b) binary parameters for joining operations (Fastening 
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(F) stage of the assembly cycle). 

(viii) Fault Localization for RCA [71] as MAS have multiple stations; hence, as 

compared to single-station assembly systems that required only isolating faulty 

process parameters within a single station [15], MAS require first localization of 

the assembly stations at fault followed by isolation of the faulty process parameter 

within the localized stations. Furthermore, faults originating in one station are 

propagated through all downstream stations. Hence for RCA within MAS, it is 

critical to localize the originating station of shape errors. The localized station can 

be further analysed to isolate a specific process parameter at fault.  Methods for 

RCA of single-station assembly system cannot be adapted to perform RCA of MAS. 

Even if the methods assume all stations as a single station, the RC isolation will 

result in multiple process parameters being indicated as faulty rather than the 

specific process parameter at fault in the originating station. Hence RCA of MAS 

requires first localization of the faulty assembly station followed by isolating faulty 

process parameters within the localized station. This requires estimating shape error 

of sub-assemblies at the end of each upstream station of MAS as well as estimation 

of all process parameters within all stations of the MAS. 

(ix)  Scalability as automotive MAS processes include hundreds of stamping parts and 

components, multiple stations with multiple stages in each station [9], namely, 

place-clamp-fasten-release (PCFR) to finish the final assembly product. The 

multiple variation sources in the MAS interact and accumulate in a non-additive 

manner. 

(x) Interpretability as the estimations of RCs will require insights into why the deep 

learning model made such estimates.  Such interpretability insights are essential for 

contextualizing the RC estimated by the model. Additionally, the RC estimates will 

drive costly corrective actions; hence, model interpretability integrated with 

measures of uncertainty [15] are crucial requirements for effective CAs. 

After the RCs are isolated in the next step, the CAs are determined. For performing 

CAs of the isolated RCs in MAS, currently, three groups of approaches can be taken 

into consideration. These approaches include:  
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(1) mapping manufacturing data to RC using mathematical models (𝑓𝑅𝐶(. )) and 

then mapping RC to CAs based on human experience and expertise. The subset of 

process parameters 𝑦 is identified as fault(s) and isolated as RC(s); and then, in the next 

step, CAs are generated as the quantitative negative of the RC (𝐶𝐴 = −𝑅𝐶 =

∆𝑦𝑅𝐶=𝑓𝑅𝐶(𝑦));  

(2) mapping manufacturing data directly to CAs using engineering feedback control 

models such as statistical process control/automatic process control (SPC/APC) that 

aim to eliminate process abnormalities (special causes) rather than to explicitly 

eliminate quality defects (𝐶𝐴 = ∆𝑦𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘); and,  

(3) mapping manufacturing data directly to CAs by manually monitoring key 

product characteristics (KPCs) and implementing CAs as a change of process 

parameters affecting the key product characteristics which fail to comply with design 

requirements (𝐶𝐴 = ∆𝑦𝐾𝑃𝐶).  

The first group of approaches (𝐶𝐴 = −𝑅𝐶 = ∆𝑦𝑅𝐶=𝑓𝑅𝐶(𝑦)) estimate RCs using 

statistical models [42], based on quality data collected from the MAS. Human experts 

then use the outputs of these models to determine the CAs.  The effectiveness of CAs 

for such approaches depends considerably on the accuracy and fidelity of the used RC 

isolation model. Accuracy can be measured as the ability of the model to discriminate 

between different combinations of RCs and fidelity can be measured as the ability of 

the model to precisely estimate the magnitude of the isolated RC. Previously, RC 

models leveraged a state space-based stream-of-variation model [51] of the MAS. 

However, the  RC models have had limited applicability to complex high dimensional 

and nonlinear systems [72] due to the use of linear models between process parameters 

and measurements of dimensional product quality [73]. Currently, the CAs 

corresponding to the RCs are generated by human experts by assessing the estimated 

RCs against the MAS’s constraints and stochasticity [71][74]. Mathematically, these 

CAs can be quantified as the negative of the mean value of RC distribution (𝐶𝐴 =

−𝑅𝐶). In certain cases, such CAs might not be feasible for implementation due to time 

constraints of available maintenance time window. Moreover, even in cases where 
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implementation is feasible, nonetheless, the cost consideration can be exorbitant 

particularly for MAS with limited reconfigurability. On the whole, the implementation 

of manually generated CAs might be ineffective due to the inherent level of 

stochasticity in the MAS caused by non-ideal part variations generated from upstream 

processes such as stamping, extrusions or/and casting. In case of stamping process, this 

inherent level of stochasticity is further magnified as the magnitude and pattern of 

incoming parts variations change between subsequent batches of parts (batch-to-batch 

variation in stamping). Hence, a manually determined CA, derived based on the 

experience of a previous batch, can fail if applied to subsequent batches with different 

variation patterns thereby, resulting in increased scrap and diminished productivity. 

The second group of approaches (𝐶𝐴 = ∆𝑦𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘) determine CAs of quality 

defects and involve integrating SPC/APC approaches collectively known as 

engineering feedback control [75]–[79]. The SPC/APC approaches enable automatic 

CA generation; however, they assume that throughout the NPI and then production 

lifecycle, the design nominals of process parameters would continue to provide the best 

product quality and process performance in terms of costs and productivity. Hence, they 

generate CAs by attempting to revert any process parameter with special causes to the 

design nominal. The CAs are then given as feedback to process controllers, or as a 

maintenance task involving faulty equipment [80][81]. Thus, the SPC/APC methods 

aim to control special causes by identifying process parameters that have temporal 

patterns such as mean-shift or heteroskedasticity and/or are beyond the pre-specified 

control limits. As a result, these methods aim to correct the MAS by reverting process 

parameters with special causes (assignable causes [82]) rather than accounting for 

dynamically changing stochasticity, constraints and KPIs of the MAS. Various studies 

have shown that as MAS progresses through the NPI and production lifecycle, the 

design nominals and specified tolerances no longer provide optimal key performance 

indicators (KPIs) values [71] [74]. Moreover, Mannar et al. [71] observed that a number 

of product warranty faults occur when all the key process parameters are within the 

design tolerance windows.  Such faults are often classified as no-fault-found/no-defect-

found phenomenon, i.e., a product/subassembly is reported as faulty, however, the 

external tests do not detect any fault.  
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The no-fault-found phenomenon might be caused by issues in the design stage 

such as inaccurate design nominals and/or imprecise tolerance windows of key 

parameters (assembly process design). They may also be caused due to issues within 

the production stage such as imprecise deterioration of the production equipment 

(maintenance plan) or/and inaccurate and/or imprecise incoming parts (fabrication 

process).  Mannar et al. [71] developed the Fault Region Localization (FRL) 

methodology to address no-fault-found issues by identifying and localising quality 

faults even if they occur inside the tolerance window caused by imprecise design 

tolerance boundaries. The FRL methodology combines warranty and production data 

to identify and localise in-tolerance faulty regions, i.e., low-yield regions within the 

tolerance. Additionally, Mannar et al. [74] proposed re-evaluating the manufacturing 

acceptance criteria or re-evaluating product tolerances to prevent delivering to 

customers defective products that fall into the in-tolerance faulty regions. Overall, the 

inaccurate design nominals and imprecise tolerance windows of key parameters can be 

the result of unmodelled interactions during product and process design given the 

limitations of simulation-based design methods [83].  

Hence, the second group (𝐶𝐴 = −∆𝑦𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘) and third group (𝐶𝐴 =

−∆𝑦𝑦→𝐾𝑃𝐶) of approaches directly map data to CAs (𝐶𝐴 = −∆𝑦) assuming a fixed 

design nominal without systematically isolated RC. Then, CAs are estimated as the 

quantitative negative of the difference between process parameter deviation estimates 

and fixed design nominals. In scenarios where the design nominal does not give optimal 

KPI performance, the CAs determined by both categories of approaches may be 

ineffective in practice.  This is especially critical during design and pre-production 

phases of NPI. Therefore, instead of using design nominals it might be necessary to 

estimate functional nominal for determining effective CAs based on the current 

stochasticity and interactions within a given MAS. Functional nominals can be 

interpreted as the values of process parameters that ensure the lowest process fallout 

rate [74] or/and maximize KPIs under the current MAS constraints and stochasticity. 

As the aforesaid discussion underscores that CAs determined by the three 

groups of approaches may be inadequate in industrial applications of MAS. Therefore, 



- 15 - 

  

determining CAs within MAS should account for various requirements. These 

requirements are specifically addressing CA and they are on top of the discussed earlier 

(i)-(x) requirements for isolation of RCs.  Therefore, the requirements for determining 

CAs are numbered consecutively from (xi)-(xiv) as below.  Additionally, depending on 

the origin of the requirement, they are classified into RC related and MAS related. RC 

related requirements are induced due to considerations such as the estimated uncertainty 

and impact of RCs on KPIs, while MAS related requirements are induced due to the 

attributes of the MAS, such as constraints and stochasticity. 

RC related requirements for determination of CAs include:   

(xi)  Uncertainty of isolated RCs. The proposed RC isolation approaches account for 

various requirements (i)-(x). Under such requirements, RCs are uncertain, and 

hence, they are estimated as probability distributions that need to be taken into 

consideration when determining CA. The CA cannot be determined by leveraging 

only the mean of the RC distribution as it might lead to bias and be ineffective in 

practice for assembly processes with non-ideal parts and in scenarios involving 

multiple collinear defects. For example, in case of new e-mobility manufacturing, 

i.e., battery cell/module/pack assembly using emerging joining processes such as 

remote laser welding (RLW) [84], part-to-part gap variation affects the quality of 

welded joints and can be caused either due to fixture-induced errors or/and 

incoming part sudden variation change.  The part-to-part gap variation must be 

corrected at each point of the welded seam and cannot be determined based on the 

mean of the part-to-part gap (RC). The RCs can be corrected for small gap variation 

by laser welding power adjustment as CA. Additionally, however, it requires 

addressing sudden variation change of incoming parts (as CA) if part-to-part 

variation is relatively large (>50% of part thickness).   

(xii) KPI improvement [85] as CAs should eliminate RCs subject to cost-benefit 

analysis, i.e., assessment of the CA impact on the final KPIs as related to cost and 

quality. Certain MAS may be fully automated, allowing for quick CA 

implementation without any major impact on the production schedule, while some 

MAS may be manually controlled, resulting in increased downtime and 

productivity. In such scenarios, an easily implementable CA can be used to continue 
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production till the next maintenance schedule but might result in increased scrap 

hence resulting in high cost of quality. Alternatively, implementing a more effective 

but time-consuming infeasible CA will need increased production downtime and 

will result in decreased productivity hence increasing the cost of production. 

Therefore, the final choice between multiple CAs that can be implemented is subject 

to a cost-benefit analysis while considering the KPIs of quality.  

 

MAS related requirements for determination of CAs include:  

(xiii) MAS design architecture [71] can result in certain CAs being infeasible to 

implement in a given MAS because of process design and MAS reconfigurability 

limitations that constrain certain degrees of freedom for process parameter 

adjustments. Additionally, high costs or restricted time and frequency of CA 

implementation also limit the set of feasible CAs. For instance, certain CAs requires 

a long duration for implementation, but only a limited time window may be 

available for regular maintenance and CA implementation. These limitations need 

to be considered in the CA methodology as they might create scenarios wherein the 

implementation of a generated CA to eliminate a given RC may be unjustifiable in 

terms of cost-benefits analysis as in (xii). 

(xiv) MAS inherent stochasticity [9] as caused by incoming part variations (i.e., non-

ideal parts due to inherent variation of upstream processes such as stamping, 

extrusions, etc.) and tooling variation (i.e., tooling calibration error, repeatability 

and reproducibility) might lead to certain CAs being ineffective in practice. 

1.3 Research Kernels and Roadmap 

Overall, the above challenges (i)-(xiv) related to RC isolation and CA estimation need 

to be overcome on two levels of modelling:  

(i) forward analysis model (Fig.  1.2) for the variation propagation in a forward manner 

using high fidelity CAE simulations (estimate shape error given process parameters). 

This is done by leveraging the Object Shape Error Modelling (OSEM) kernel (Fig.  1.2) 

that utilizes high fidelity multi-physics simulator of the MAS, called Variation 
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Response Method (VRM) [6]. The VRM can model and simulate the assembly process 

with non-ideal compliant parts constrained by assembly fixtures and part-to-part 

interactions. It also enables high-fidelity point-cloud data generation of 3D assembled 

products/subassemblies with error patterns obtained under different sets of process 

parameters.  The VRM model accuracy was verified and validated for various assembly 

processes [6]. The OSEM kernel leverages high-fidelity VRM simulations to model the 

propagation of shape error as objects move through the MAS. The MAS consists of 

assembly stations, and each station consists of multiple stages, namely, positioning, 

clamping, fastening (joining) and release (PCFR). Each stage consists of process 

parameters that control various operations done in these stages. The system has non-

ideal deformable parts (objects) that behave as free form surfaces. As these objects 

move through various stages and stations, various operations controlled by the process 

parameters are performed within the MAS. Additionally, the objects also interact with 

each other through part-to-part interactions. This leads to shape error in the object and 

is accumulated in a non-additive way causing the system to be inherently non-linear. 

OSEM aims to model this propagation of object shape error in MAS using Finite 

Element Analysis (FEA) and Variation Simulation Analysis (VSA) [86] based VRM 

simulator. Overall, OSEM, as enabled by VRM, can be considered as a Computer-

Aided Engineering (CAE) based forward propagation model of the MAS and is 

leveraged for applications such as design optimization, tolerance analysis, process 

capability improvement and variation reduction [87]. 

(ii) backward synthesis models (Fig.  1.2) for the backward analysis of MAS that can 

relate shape errors backwards chaining to abnormal process parameters while fulfilling 

the aforementioned requirements (i)-(xiv). These models are essential for RC isolation 

and CA estimation applications to ensure that all quality requirements for the given 

products are met.   

The overall research objectives of this thesis consist of formulating, developing 

and validating kernels, Object Shape Error Response (OSER), Object Shape Error 

Response for Multi-Station Assembly Systems (OSER-MAS), Closed-loop In Process 

(CLIP) and Object Shape Error Correction (OSEC). These kernels collectively aim to 

build synthesis approaches while ensuring all the aforementioned requirements are met.  
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Fig.  1.2. Analysis and synthesis of MAS 

The kernels and requirements fulfilled by each kernel are described as follows: 

(1) Object Shape Error Response (OSER): The OSER kernel aims to estimate a subset 

of real-valued process parameters related to positioning (P) and clamping (C) stages 

based on the object shape error of a single assembly station output. The OSER 

leverages Bayesian 3D Convolutional Neural Networks (CNN) trained in a closed-

loop sampling and training framework based on the VRM data. This integration of 

a probabilistic neural network and CAE simulation provides a step towards 

understanding causality and having a safer, self-aware and interpretable solution, 

essential for RCA solutions in industrial setups.  The kernel aims to fulfil a subset 

of the requirements as needed for a single station assembly system as follows: 

• Requirements (i)-(iv) by developing a 3D deep learning approach. This 

kernel proposes a 3D CNN architecture that enables the extraction of spatial 

features from point cloud quality monitoring data representing object shape 

(dimensional and geometric) errors and models non-linear relationships 

between the extracted shape error features and process parameters. This 

approach has high performance for non-linear and ill-conditioned systems 

having high fault multiplicity.  

• Requirement (v) by leveraging a Bayesian deep learning approach 

compared to traditional CNNs with deterministic weights. Bayesian CNNs 

leverage probability distributions over model weights and model outputs. 

The proposed approach estimates each model parameter as a distribution 

(epistemic uncertainty) while also modelling the output estimates as 

parameters of a multivariate distribution (aleatoric uncertainty). Such 

estimates involving the different types of uncertainties in model predictions 
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are crucial as they quantify when the model is 'randomly guessing' compared 

to making a confident prediction. Particularly within manufacturing 

environments, these uncertainty estimates integrate a degree of confidence 

within the estimates and hence, support the decision-maker in making a 

cost-effective selection of costly CAs.  

• Requirement (vi) by making the developed Bayesian 3D CNN compatible 

with point cloud data obtained via either VRM or 3D scanners 

 

(2) Object Shape Error Response for Multi-station Assembly System (OSER-MAS): The 

OSER-MAS kernel builds on the capabilities of the OSER kernel to extend the 

scope of RC isolation from single- to multi-station assembly systems by extending 

the capabilities of the OSER 3D CNN architecture. The OSER-MAS can be 

leveraged for RC isolation of both single and multi-station assembly systems. It 

aims to estimate a heterogeneous set of process parameters consisting of real-valued 

process parameters related to non-ideal part variations, positioning (P), clamping 

(C) and fastening (F) stages and binary process parameters indicating the success 

of a joining in the fastening (F) stage. Additionally, the kernel also estimates object 

shape errors at the end of upstream stations which is critical to localize the assembly 

station at fault. The OSER-MAS leverages a Bayesian 3D U-Net trained in a closed-

loop sampling and training framework based on the VRM. The Bayesian 3D U-Net 

is built based on the validation of 3D convolution capabilities provided by the 

OSER kernel. The kernel aims to fulfil a subset of the requirements as required for 

MAS as follows: 

•  Requirements (i)-(vi) by proposing a 3D fully convolutional 3D U-Net [88] 

based encoder-decoder network architecture. The encoder consists of 

probabilistic Bayesian Flipout layers [89], while the decoder consists of 

attention-based [90] layers. Overall, the model has three output heads, two 

at the end of the encoder and one at the end of the decoder. The model is 

trained using dual data generation capabilities by utilizing high fidelity 

VRM simulator of the assembly process [6] and 3D Optical scanners.  

• Requirement (vii) by leveraging two output heads at the end of the encoder, 

one head estimates real-valued continuous process parameters as done in a 
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regression setting (for example, part variation and fixturing RCs). In 

contrast, the second head estimates categorical/binary process parameters as 

done in a multi-label classification setting (for example, SPR joining 

process RCs). 

• Requirement (viii) by leveraging the proposed 3D U-Net-based architecture 

decoder to provide segmentation maps corresponding to the object shape 

error for previous (upstream) stations. Volumetric segmentation has seen 

immense development in the past few years. The initially proposed 2D U-

Net architecture has been extended for 3D applications such as MRI images 

and kidney scans [91]. In U-Nets, 3D volume is mapped to a latent space 

via successive convolutional and pooling layers; this latent representation is 

then upsampled and convolved until it reaches the original volume's size 

generates a per-voxel segmentation. The proposed network extends this 

capability to estimate object shape errors for upstream stations of the MAS. 

Further, a methodology to perform RC isolation is proposed that leverages 

the upstream object shape error estimates for fault localization (i.e., 

determination of candidate station with potential RC) and the process 

parameters for RC isolation. 

 

(3) Closed-loop In-process (CLIP): The CLIP kernel aims to provide an approach to 

enable large-scale industrial adoption of proposed RC isolation approaches 

(OSER/OSER-MAS) by firstly enhancing the scalability as training deep learning 

models for each MAS is time-intensive and requires large amounts of labelled data 

and secondly providing interpretability and transparency for the estimated RCs that 

drive costly corrective actions (CAs) by integrating a CLIP underpinned algorithm 

portfolio. Scalability is enabled by closed-loop sampling and training, uncertainty 

guided continual learning [92]  and transfer learning [29], enabling efficient and 

effective utilization of data provided by VRM. Interpretability is enabled by 3D 

gradient-based class activation maps [93] (3D Grad-CAMs) that are interpolated on 

the Computer-Aided Design (CAD) model leveraged in VRM, providing context 

on the values of process parameters estimated by the model. The kernel aims to 

fulfil a subset of the requirements as required for single/multi-station assembly 
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systems as follows: 

• Requirement (ix) by developing a closed-loop training framework that 

leverages the epistemic uncertainty [15] estimates of the Bayesian 3D CNN 

based OSER or OSER-MAS model to intelligently sample from the process 

parameter hyperspace for faster convergence and hence, reduce the 

computation time bottleneck of the VRM simulations. Further, to 

exponentially enhance the scalability for high dimensional MAS and reduce 

VRM simulation time, a combined uncertainty guided continual learning 

[92] and transfer learning [29] algorithm portfolio are integrated with the 

closed-loop training framework. This enables the transfer of meta-

knowledge from the trained model to a new MAS, and thus, each new MAS 

requires comparatively fewer training samples. Theoretically, given that the 

assembly system's multi-physics processes are similar within each station, 

the features extracted by spatial convolutional operations are transferable 

across different assemblies; thus, making transferability within the model 

essential for scalability. Given that models for different MAS would be 

trained sequentially, leveraging continual approaches reduces catastrophic 

forgetting. A model with continual learning capabilities can also account 

for the assembly system's dynamic nature and achieve lifelong learning. 

This is accomplished using uncertainty-guided continual learning [65] that 

leverages the Bayesian neural network parameter uncertainty to assign 

importance for each task, i.e., a particular assembly case study, thereby, 

enabling continual learning by updating less important parameters at a 

faster rate.  

• Requirement (x) by developing an interpretability model which is based on 

3D Gradient-weighted Class Activation Maps (3D Grad-CAMs) and 

entails: (a) linking elements of MAS model with functional elements of the 

3D Bayesian U-Net model; and (b) leveraging 3D Grad-CAMs [93] that 

provide insights into the regions within the input that the model focuses on 

to estimate process parameters, i.e. RCs. These collectively provide the 

required interpretability for RCA. 
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(4) Object Shape Error Correction (OSEC): The OSEC kernel aims to build an 

approach that can generate feasible and effective CAs. Within the approach, high-

dimensional manufacturing data collected at the end of the MAS is first transformed 

to RCs, and then RCs are transformed into CAs. The proposed approach enables 

correction of object shape error quality defects for MAS with non-ideal parts. It 

leverages DRL, specifically deep deterministic policy gradient (DDPG) method, to 

optimize a novel reward function resulting in CA policies that generate sequential 

process parameter adjustments. A CA policy can be interpreted as a sequence (also 

referred to as an episode) of corrective adjustments of process parameters (CAs) 

that eventually lead to RC elimination and KPI maximization. The approach can be 

leveraged to generate CAs when the CAs estimated by current techniques cannot 

be directly transformed to CAs (𝐶𝐴 ≠ −𝑅𝐶, 𝐶𝐴 ≠ −∆𝑦 ). This is because the RCs 

map to CAs, which might be infeasible to implement due to KPI improvement and 

MAS constraints or rendered ineffective after implementation due to RC 

uncertainty or MAS stochasticity.  The approach also provides capabilities (Fig.  

1.3) to estimate alternative CAs for those classes of CAs that are infeasible or 

potentially ineffective due to NPI lifecycle requirements or assumptions such as a 

fixed design nominal. Where such a class of CAs does not exist, the CAs estimated 

by the planned approach correspond to the CAs estimated by current approaches 

(𝐶𝐴 = −𝑅𝐶, 𝐶𝐴 = −∆𝑦) which assume that all CAs are implementable, and the 

design nominal always maximizes KPI performance. 

 

 

Fig.  1.3. OSEC vs current approaches 
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Overall the OSEC kernel aims to fulfil a subset of the requirements (xi, xii, xiii and 

xiv) as required for correction of single/multi-station assembly systems as follows: 

• Formulating MAS correction as a Markov Decision Process (MDP) and 

proposing a deep reinforcement learning (DRL) approach that can estimate 

CAs (actions) based on the RCs (state) provided as inputs while accounting 

for the four  CA requirements (reward) (xi) Uncertainty of isolated RCs, 

(xii) KPI improvement, (xiii) MAS design architecture and (xiv) MAS 

inherent stochasticity. This approach is developed with end-to-end 

capability, i.e., combines both estimation of: (i) RCs; and (ii) CAs. For this, 

first, high dimensional point cloud data which are collected at the end of the 

MAS (end-of-line sensing), are used as input to RC models (such as OSER 

and OSER-MAS developed in this thesis). Next, the isolated RCs are used 

as input to CA methodology to estimate optimal CAs as the final outputs. 

• Leveraging Deep Deterministic Policy Gradients (DDPG) technique as the 

specific DRL method. Given that the output space for CAs consists of multi-

dimensional real-valued process parameters adjustments, traditionally used 

action-value based methods cannot be used as they are limited to work on 

discrete action spaces [37]. Therefore, the proposed approach leverages 

DDPG as this can map states (RCs) to multi-dimensional real-valued actions 

(CAs) by approximating both the CA policy (i.e., sequence of CAs) and CA 

value function (i.e., overall reward of taking a CA) using deep neural 

networks. In the proposed CA approach, OSER is leveraged as the RC 

isolation model to estimate the state of the MAS, which is given as input to 

the DDPG agent. DDPG agent is constituted as the combination of the CA 

policy and CA value function, which takes as input the RCs and estimates 

the CA with maximum value.   

• Training DDPG agent as stated above with a novel reward function that 

mathematically models all (xi)-(xiv) requirements that need to be accounted 

for the design and implementation of CAs in MAS. The reward generates 

positive values (benefits) when RCs are eliminated, and KPIs are improved. 

Simultaneously, it penalizes the DDPG agent (costs) for generating CAs that 
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are infeasible due to the cost and time needed for implementation. No 

reward is allocated when CAs do not improve KPIs due to the stochasticity 

present in the MAS or in scenarios when the uncertainty in isolate RCs are 

high. The proposed OSEC approach does not limit CAs to adjust process 

parameters to the fixed design nominals; but rather, it selects the CAs to 

adjust process parameters to the functional nominals in order to maximize 

the KPIs. This is in contrast to current SPC/APC approaches, which assume 

a fixed design nominal to generate CAs that adjust values of a subset of 

process parameters identified as abnormal due to temporal patterns or 

variations beyond the specified control limits. 

• Parametrizing the reward function as stated above with NPI-coefficients to 

enable the application of the proposed method throughout all NPI stages, 

namely design, pre-production, production launch and full production. This 

is especially important as the importance and priorities of the 

aforementioned four requirements changes during each NPI stage. At design 

and pre-production stages of the NPI, there are fewer constraints on cost, 

number of changes and no constraints related to production/maintenance 

schedules, however, the improvement of KPIs is crucial, and thus, the 

flexibility of having functional nominals instead of fixed design nominals 

provide the necessary flexibility and thus, frequent CAs can be implemented 

to improve the KPIs. On the other hand, during production stage, the MAS 

becomes more ‘rigid’ due to increased costs of change and limited time 

permitted for changes (maintenance scheduled breaks). Therefore, to 

account for the changing trade-offs and priorities, the method proposes to 

parametrize the reward function with NPI-coefficients. The NPI-coefficients 

include estimates for KPI importance, costs, system reconfigurability and 

sample size. The user can select the NPI-coefficients for a specific NPI stage 

which is then used to parametrize the reward function. Overall the proposed 

reward function simultaneously maximises KPIs by eliminating RCs while 

accounting for the MAS stochasticity and ensuring that the CAs are within 

the allowable MAS reconfigurability for executing corrections [94].  

These kernels (OSER, OSER-MAS, CLIP and OSEC) collectively provide a principled 
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and comprehensive way for the scalable and interpretable synthesis of single/multi-

station assembly systems and ensure milestones under Industry 4.0 such as Zero-

Defect-Manufacturing, Right-First-Time and Resilient Manufacturing can be achieved. 

The proposed kernels and framework go beyond just improving the accuracy and 

performance of current models used for isolation and mitigation of quality defects that 

are driven by statistical learning and manual expertise. The proposed kernels integrated 

within a framework provide ‘transformative’ capabilities by: 

(i) addressing a novel problem of applying Bayesian deep learning on point cloud data 

for object shape error identification instead of object detection. 

(ii) integrating physics-based engineering models with deep learning approaches as 

stated in (i). 

(iii) leveraging the integrated approach in (ii) to provide capabilities for unsolved 

challenges such as ill-conditioning, fault-multiplicity, RC isolation with uncertainty 

quantification, learning at the design phase when no measurement data are 

available, scalability during training and interpretability during deployment. 

(iv)  mathematically formulating mitigation requirements and using deep reinforcement 

learning to estimate mitigation decisions based on outputs of (iii) hence reducing 

the need for manual expertise. 

Overall, the thesis aims to identify the requirements and then develop kernels 

for isolating and mitigating object shape errors within MAS by addressing various 

research questions. The presented research questions (RQ) provide a general, concise 

summary of the considered scientific research problem. The research questions in this 

thesis are: 

RQ1: What are the relevant requirements of methods to enable isolation and mitigation 

of object shape error defects in assembly systems? 

RQ2: How can the assembly system be modelled in a backward manner (synthesis) to 

enable isolation of RCs while fulfilling the requirements in RQ1? 

RQ3: How can the answer in RQ2 be extended for multi-station assembly systems? 

RQ4: How can the scalability and interpretability of the methods for RQ2 and RQ3 be 

enhanced to enable wider industrial adoption? 

RQ4: What methods can be developed to perform effective and feasible CAs for the RCs 

of shape error defects isolated using the answer to RQ2 and RQ3? 
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Fig.  1.4 summarises the links between the research questions and the kernels developed 

to address the research questions. 

 

 

Fig.  1.4. Research questions 

 

Table 1.1 provides a comprehensive research roadmap of problems, motivations, 

challenges, state-of-the-art limitations, objectives, methods and validations. 

1.4 Thesis Organization  

The overall thesis comprehensively describes the kernels in the proposed roadmap, their 

implementations, and the conclusions deduced. In addition, the required background 

and the contributions for each kernel are also comprehensively discussed in the 

chapters. 

Chapter 2, titled "Literature Review ", aims to close the gap between manufacturing 

assembly systems and deep learning and presents a review of the existing literature on 

manufacturing assembly systems, related work on applications of deep learning, soft 

sensing, Bayesian modelling and deep reinforcement learning. Finally, it outlines the 

knowledge gaps and links these to the aforementioned requirements. 

Chapter 3, titled "Object Shape Error Response using Bayesian 3D Convolutional 

Neural Networks for Assembly Systems with Compliant Parts", discusses the OSER 

kernel, including problem formulation, methods, case study, conclusions and 

contributions. 

Chapter 4, titled "Root Cause Analysis of Multi-station Assembly Systems with 

Non-Ideal Compliant Parts using Bayesian 3D U-nets", discusses the OSER-MAS 
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kernel, including problem formulation, methods, case study, conclusions and 

contributions. 

Chapter 5, titled "Building a Scalable and Interpretable Bayesian Deep Learning 

Framework for Quality Control of Free Form Surfaces", discusses the CLIP kernel, 

including problem formulation, methods, case study, conclusions and contributions. 

Chapter 6, titled "Building a Quality Correction Framework for Assembly Systems 

using Deep Reinforcement Learning", discusses the OSEC kernel, including problem 

formulation, methods, case study, conclusions and contributions. 

Chapter 7, titled "Advanced implementations and Industrial Applications", 

discusses the software and physical implementation of the work, including an industrial 

demonstrator. The physical implementation validates the proposed kernels on physical 

data of free-form surfaces collected from 3D scanners. This chapter also summarizes 

various industrial applications of the proposed work 

Chapter 8, titled "Conclusions and Future Work", summarises the kernels 

developed in this thesis. Further, it discusses contributions, limitations and future work. 

Additional background and methods used within the thesis have been referenced 

and are later discussed in Appendix A. An overview of the software implementation on 

GitHub is included in Appendix B. The published journal papers for Chapters 3 and 5 

are included in Appendix C and D, respectively. The journal papers under review for 

Chapters 4 and 6 and included in Appendix E and F, respectively. Appendix G includes 

the poster of the industrial demonstrator developed as a part of this thesis to showcase 

the capabilities to the industry. 
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Table 1.1: Research Roadmap

Problem Motivations Requirements 
State of the art 

limitations 
Objectives 

Methodology 

(Kernels) 
Applications Contributions 

Verification and 

Validation 

Isolation & 

mitigation of 
object shape error 

defects in MAS  

Zero Defect 
Manufacturing 

 

 

Right First Time 

 
 

 

Reduction of manual 
expertise 

 

 
 

Reduction of cost of 

quality and increased 
productivity 

 

 
 

Reduced scrap and 

machine downtime 

High dimensional point cloud data 

from the 3D scanner 

Work on sampled point 

data 

Object shape error 
representation for point 

cloud data 

OSER Kernel 

Object shape error 

formulation and 
representation 

 

3D CNN architecture 
selection & optimization 

 

Bayesian deep learning 
 

Uncertainty based 

sampling using CAE 

simulations 

 

RCA for manufacturing 
processes (assembly, 

stamping, machining, 

additive manufacturing) 
leading to reduction of 

Cost of Quality 

Extending deep learning 

object detection to object 
shape error source 

estimation using 3D 

CNN based OSER and 
OSER-MAS 

 

 

Integration with CAE 

simulations for dual data 
generation 

 

 
Bayesian learning 

approach for uncertainty 

segregation and 
quantification 

 

 
CLIP diagnostic 

framework underpinned 

algorithm portfolio for 
scalability and 

interpretability 

 
 

OSEC framework for 

object shape error 
correction 

 
Verification, validation & 

benchmarking against 

current RCA and 
machine/deep learning 

models for performance 

and convergence using 
case studies namely: 

1. Single station door 

inner and hinge 
reinforcement 

assembly 

2. Multi-station cross-
member assembly 

 

Scalability study 
leveraging six case 

studies of different 

complexities 
 

Interpretability study for 

root causes 
 

Physical demonstrator 

for physical-system 

implementation using 3D 

scanner point cloud data 

 
Python-based software 

library named Deep 

Learning for 
Manufacturing 

Non-linearity due to compliant, 

non-ideal and deformable parts 

Statistical multivariate 

models with linear 
approximations 

Non-linear model 

 

Collinearities and fault multiplicity  
(six sigma requirements)  

Consider a single fault 
multiple orthogonal fault 

Model with high 
discriminative ability 

Uncertainty quantification for 

costly corrective actions 

No uncertainty 

quantification 

Uncertainty 

quantification 

Confidence in root 

cause estimates 

Lack of datasets at initial design & 

production stages 

Use limited available 

physical system data 

Data augmentation 

using CAE simulations 

Learning at early design 

stages 

Heterogeneous set of process 
parameters including non-ideal part 

variations, fixturing and joining 

Consider homogenous 
parameters with 

negligible interaction  

Multi-task model 
OSER-MAS Kernel 

3D attention-based 

Bayesian U-Net 

architecture with 
multiple output heads 

 

RCA workflow 
including fault 

identification, fault 

localization and fault 
isolation 

Simultaneous estimation 
of binary and six-sigma 

fault indicators 

Fault localization and RCA in 
MAS 

Do not estimate shape 

errors at the upstream 

stations 

Upstream shape error 

estimation 

 
Estimation of 

heterogenous set of 

process parameters  

Fault localization and 
RCA for MAS  

Scalability across various MAS 

Exponential data and 

computational 

requirement for scaleup 

Scalable approaches 

for computational 

feasibility 

CLIP Kernel 

Algorithm portfolio with 
closed-loop training, 

continual learning, 

transfer learning and 3D 
gradient-based class 

activation maps with 

mesh interpolation 

Efficient scaling to 

high–dimensional multi-
station assembly 

processes 

Interpretability of estimated root 
causes 

Black-box models 
MAS interpretation for 

isolated RCs 

Expert insights on 

model estimates 

integrating 'trust' 

Uncertainty of isolated RCs  

KPI improvement 

MAS design architecture 
MAS inherent stochasticity 

Manual expertise-based 
models that assume a 

fixed design nominal 

CAs that account for 

all MAS requirements  

OSEC Kernel 

Deep deterministic 

policy gradients (DDPG) 

agent with a reward 
function parameterized 

with NPI coefficients 

End-to-end generation 
of CAs based on 

estimated RCs while 

accounting for benefits, 
costs and stochasticity 

of the MAS 

Benchmarking using 
cross-member assembly 

case study 
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2 Literature Review 

The development of the aforementioned kernels in Chapter 1 requires cross-disciplinary 

research review across manufacturing and artificial intelligence (AI). The review 

should include a deep analysis of past work done in manufacturing assembly systems 

and a wide analysis of AI tools and successful AI applications across different areas to 

identify existing knowledge gaps. Hence, this chapter explores work done across 

diverse areas, including (1) modelling and diagnosis of manufacturing assembly 

systems, (2) deep learning-based 3D object detection and segmentation, (3) deep 

learning applications in manufacturing, (4) soft sensing for industrial processes (5) 

Bayesian modelling for uncertainty quantification, and (6) deep reinforcement learning 

for control. A review of research work is carried out for each area. Seminal research 

works are identified in each field, and a knowledge graph is constructed for similar 

papers. Connected papers [95] is used to construct the knowledge graphs, which aims 

to cluster similar papers by using co-citations of papers as the metric for similarity. 

Finally, all knowledge graphs are combined to identify knowledge gaps that are then 

linked to requirements (Section 1.2) that are addressed by the proposed kernels (Section 

1.3) within the research. 

2.1 Modelling, Diagnosis and Correction of Assembly Systems 

Modelling, diagnosis and correction of assembly systems include various seminal 

works [12], [31], [50], [55], [58], [96]–[98] (in-depth analysis discussed in Section 1.2). 

The state-space model for compliant assembly [50] has served as one of the key works 

to lay the foundations for building shape error models for forward analysis and 

backward synthesis of assembly systems (Fig.  2.1). The forward analysis models have 

been further improved by integrating finite element modelling and part-to-part 

interactions effects [31], [99], [100]. This has also been driven by extensive 

development in building scalable finite element models [6], [101]–[104] that can 

effectively capture the multi-physics behind manufacturing processes [87] (Fig.  2.2). 

The backward synthesis models have been leveraged to perform tasks such as assembly 

diagnosis, diagnosability analysis [51], [55], [97], [105] and optimal sensor placement 
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studies [106]–[109]. The models have also been leveraged for tolerance analysis [110]–

[112]. Fig.  2.1 summarizes the knowledge graph for key works related to modelling 

and diagnosis of assembly systems. Overall, after a huge surge of works relevant to 

shape error analysis and synthesis in assembly systems, there has been a relevant 

stagnation in the field due to the limited capabilities offered by point-based data 

collected using coordinate measuring machines. Limitations on computation resources 

and lack of comprehensive datasets have been bottlenecks in building advanced data-

driven models to analyse and synthesize such systems. Additionally, over the years, as 

the complexity of assembly systems has increased exponentially, the performance of 

approximately linear first-principle state-space models have diminished. Therefore, 

there is a need to build models that can account for the increasing complexity of 

assembly systems that require scalable integration of multi-physics and deep learning-

based models while accounting for the limited availability of comprehensive datasets 

in manufacturing environments, especially during the design phase of the production 

cycle. Furthermore, 3D scanners are now increasingly used for data collection. These 

provide high resolution point cloud as compared to point-based data collected from 

coordinate measuring machines. Hence methods developed should fully utilize the 

granularity of information provided by point cloud data collected from 3D scanners.  
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Fig.  2.1. Modelling, diagnosis and correction of assembly systems 

(circles denote papers; the size of the circle denotes the number of citations; the color 

of the circle denotes the year of publication, the links between circles shown similarity 

between papers) 

 

 
Fig.  2.2. Finite element models for assembly systems 

2.2 Deep Learning for 3D Object Classification and Segmentation 

Deep learning for computer vision has seen immense development over the years owing 
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to the availability of large datasets, GPU based computation resources and the 

development of CNN based architectures [113]. These enable 3D object classification, 

detection and segmentation using architectures specialized to work on voxelized or 

point cloud data [19], [20], [114]–[117] (Fig.  2.3). Further, the capabilities of such 

architectures to do high-level object classification and segmentation have been 

expanded to perform tasks requiring higher resolution, such as manufacturability 

analysis and shape transformation [117]–[119]. Such architectures have been leveraged 

to use image data to perform microstructure analysis to see the effect of material 

properties and process parameters [120], [121]. There is a need to develop architectures 

for tasks requiring estimation of shape errors on objects (manufactured products) 

instead of traditional object detection. This enables isolation and mitigation of 

dimensional quality defects  in manufacturing assembly systems using point cloud data 

obtained from 3D scanners. 

 
Fig.  2.3. Deep learning-based 3D object classification and segmentation 

2.3 Deep Learning Applications in Manufacturing Fault Diagnosis 

Deep learning has seen various applications for building fault diagnosis models within 

manufacturing [25], [122]–[125] (Fig.  2.4). CNNs have been used to analyse high 

dimensional data both temporally [126], [127] using 1D convolutions on time series 

data and spatially [128]–[130] using 2D/3D convolutions on images and point clouds 

data. Convolution operations enable the extraction of relevant features from the high 
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dimensional data input to estimate various categories of faults. The availability of 

industrial datasets such as motor bearing and locomotive datasets has aided in 

validating such approaches [131]. To further increase performance, research has also 

looked into using transfer learning [29], [132]–[135] from models trained on much 

larger datasets such as ImageNet [136]. This has allowed for extensive fault diagnosis 

applications in industrial environments with relatively small datasets. The 

semiconductor manufacturing industry (Fig.  2.5), which initially leveraged traditional 

spatial filtering and clustering models [137]–[140], has seen extensive applications of 

deep learning models [141]–[144] that leverage CNN based image classification and 

segmentation model to detect and classify semiconductor manufacturing defects. This 

has led to an overall 30% increase in the yield [142] due to higher productivity and 

lower scrap. Additive manufacturing is another area that has seen an extensive 

application of machine learning and deep learning algorithms for applications, 

including model design, in situ monitoring, and quality defect detection and evaluation 

[145] (Fig.  2.6). The previously used models for prototyping and 3D printing [146], 

[147] have been improved by integrating these approaches with machine/deep learning 

[148]–[151].   The discussions indicate extensive applications of deep learning models 

in semiconductors and additive manufacturing for fault diagnosis applications. 

Further, the impact of using deep learning models and techniques such as transfer 

learning for fault diagnosis and correction in assembly systems in a scalable and 

interpretable manner needs exploration. 

2.4 Soft Sensing for Industrial Processes 

Various key quality variables in industrial systems are difficult to measure online due 

to various reasons such as costs, access constraints and severe measuring environments 

[152]. Soft sensing provides an alternative by developing mathematical models that 

relate easily measurable variables to quality variables. Estimating these quality 

variables enables further monitoring, isolation and mitigation of quality-related root 

causes within the process. Initially, techniques (Fig.  2.7) such as latent factor analysis 

[153]–[155] and variants of principal component analysis [153], [156], [157] were 

leveraged to develop non-linear models that take into account the temporal dynamics 

within the process. The ability of deep learning models to extract high-level output  
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Fig.  2.4. Deep learning applications in manufacturing fault diagnosis 

 

 
Fig.  2.5. Deep learning for semiconductor defect detection and classification 
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Fig.  2.6. Deep learning for additive manufacturing design and quality evaluation 

related features from high dimensional data makes them an ideal choice for developing 

soft sensing models. Various approaches leveraging variants of deep auto-encoders 

[152], [158]–[161] have been proposed. The capability of neural networks to extract 

relevant features and approximate non-linear functions enables deep learning-based 

soft sensing models' superior performance. Although these models excel at feature 

extraction, they cannot be directly used for RCA applications. That would require them 

to have capabilities for causality analysis so that RCs can be isolated within the system. 

Therefore, there is a need to extend soft sensing models to estimate process parameters 

that can be leveraged to isolate and mitigate RCs in assembly systems. In the context 

of manufacturing assembly systems, soft-sensing approaches need to be developed that 

can relate easily measurable point cloud data to quality-relevant process parameters 

related to non-ideal part variations, fixturing and joining. 
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Fig.  2.7. Soft sensing for industrial processes 

2.5 Bayesian Modelling for Uncertainty Quantification 

Although very effective in extracting relevant information from high dimensional data 

and relating them to the desired outputs, deep learning cannot quantify the uncertainty 

while developing such complex relationships, which often results in the model giving 

overconfident predictions for out-of-distribution samples [162] [34]. Alternatively, 

Bayesian modelling provides a principled way to estimate uncertainty in the predictions 

by combining prior beliefs of a relationship with data likelihood to estimate the 

predictive posterior using Bayes theorem [163]. Recently much work has been done on 

combining deep learning with uncertainty modelling [34]. This provides a way to 

provide uncertainty estimates by modelling the weights with neural networks and the 

network outputs as probability distributions instead of point estimates [164]–[166]. 

This has been applied for estimating epistemic and aleatoric uncertainties in computer 

vision [36], [167], [168] (Fig.  2.8). Such calibrated uncertainty estimates are crucial 

in RC isolation as they drive costly corrective actions. Therefore, models used for 

isolation need to be integrated with capabilities for uncertainty quantification. The 

uncertainty quantification techniques need to account for uncertainties due to system 
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collinearities, model structure, limited data availability and sensor noise. This 

augments isolated RCs with calibrated confidence estimates. 

 
Fig.  2.8. Bayesian modelling for uncertainty quantification 

2.6 Deep Reinforcement Learning for Control 

Reinforcement learning has performed well in various complex sequential tasks by 

training agents to optimize their control in an environment to obtain the maximum 

amount of reward. Deep reinforcement learning integrates reinforcement learning 

concepts with deep learning by leveraging neural networks as effective function 

approximators. These approximators enable accurate estimation of value functions [37] 

or policy functions [169]. Various developments  such as building better representations 

of value/policy functions and using target networks to stabilize training have allowed 

scaling of deep reinforcement learning for complex tasks [169]–[174]. Control of 

various processes and systems [175]–[179] has been the major area for application for 

reinforcement learning (Fig.  2.9). Deep reinforcement learning enables taking efficient 

control actions of various process parameters based on high-dimensional state estimates 

of the system. The applications of these developments for correction of MAS have not 

been explored yet. A deep reinforcement learning framework is required that accounts 
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for isolated root causes, MAS constraints and stochasticity to make optimal decisions 

on which process parameters to change within the MAS to mitigate object shape errors. 

 
Fig.  2.9. Deep reinforcement learning for control 

2.7 Literature Assimilation and Knowledge Gaps Identification 

The discussions of the research areas are aggregated to identify the knowledge gaps 

addressed by the research (Fig.  2.10). The knowledge gaps are discussed in detail 

below. These are also linked with the requirements as outlined in Section 1.2: 

(1) The impact of the application of deep learning methodologies for the synthesis of 

MAS needs comprehensive research. Existing deep learning methodologies 

developed for low-resolution shape analysis (object detection, manufacturability 

analysis) need to be further developed to perform shape error analysis (object shape 

error estimation). The current capabilities of deep learning models to perform 3D 

object classification and segmentation must be further developed to estimate shape 

error on assembly objects and then relate them to RCs within MAS. These 

developed capabilities will address the current limitations of approaches used to 

isolate sources of dimensional quality defects within MAS and similar 
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manufacturing processes such as stamping, machining and additive manufacturing 

involving shape error analysis. This will enable the fulfilment of requirements (as 

described earlier in Section 1.2), namely (i) High data dimensionality, (ii) Non-

linearity, (iii) Collinearities, (iv) High faults multiplicity, (vii) High dimensionality 

and heterogeneity of process parameters and (viii) Fault localization. The research 

addresses these requirements by developing the OSER and OSER-MAS kernels with 

deep learning capabilities. 

(2) Multi-physics CAE simulations have seen advancement and are currently used for 

forward analysis of MAS by integrating such models with machine learning-based 

surrogate models. The integration of such multi-physics simulators with deep 

learning approaches to build synthesis models is required to enable isolation of 

shape errors by RCs from the design phase itself. These developed capabilities will 

enable efficient training of the developed deep learning approaches and will drive 

towards determining causality of the identified defects. This will enable the 

fulfilment of requirement, namely (vi) Dual data generation capability. The 

research addresses this requirement by developing the OSER and OSER-MAS 

kernels with closed-loop sampling and training using a multi-physics CAE model 

known as VRM. 

(3) Principled approaches for uncertainty quantification during the RCA of MAS need 

to be explored. Capabilities of using Bayesian deep learning for uncertainty 

quantification and segregation need to be developed for to quantify uncertainty in 

isolated RCs. These developed capabilities quantify uncertainties due to 

measurement noise, limited data availability and further enable efficient sampling 

from CAE simulators. This will enable the fulfilment of requirement, namely (v) 

Uncertainty quantification. The research addresses this requirement by developing 

the OSER and OSER-MAS kernels with uncertainty quantification capabilities by 

leveraging Bayesian deep learning. 

(4) Successful industrial application of deep learning-based fault diagnosis approaches 

in semiconductor and additive manufacturing industries and various soft sensing 

approaches for indirect monitoring of quality relevant variables need to be explored 

to build an intelligent integrated algorithm portfolio enabling scalability and 

interpretability of approaches that enable isolation and mitigation of shape errors 
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within MAS. These capabilities will enable scalability for multi-variety products 

and large-scale multi-station assembly systems and further enable interpretability 

for transparency of RCs to drive costly CAs. This will enable the fulfilment of 

requirements, namely (ix) Scalability and (x) Interpretability. The research 

addresses these requirements by developing the CLIP kernel underpinned by an 

algorithm portfolio with capabilities to enhance OSER and OSER-MAS kernels' 

scalability and interpretability. 

(5) Correction of shape errors within MAS has been done by SPC/APC methods or 

manual approaches. However, given the uncertainties in isolated RCs, costs and 

constraints of implementing CAs, and stochasticity of MAS might lead to CAs 

being ineffective and infeasible in practice. Therefore, deep reinforcement learning 

capabilities need to be integrated with MAS engineering knowledge to learn CA 

policies that generate effective CAs that dynamically account for changes within 

MAS and estimate a functional nominal as compared to a predefined design 

nominal used by current approaches. These capabilities will mitigate shape errors 

by providing CAs across all stages of the NPI lifecycle. This will enable the 

fulfilment of CA related requirements, namely (xi) Uncertainty of isolated RCs, 

(xii) KPI improvement, (xiii) MAS design architecture, (xiv) MAS inherent 

stochasticity. The research addresses this requirement by developing the OSEC 

kernel. 

These knowledge gaps and the corresponding requirements are addressed by the 

four kernels as described in Section 1.2. Further, the thesis comprehensively discusses 

the developed kernels that satisfy all the outlined requirements and close the 

corresponding knowledge gaps between manufacturing assembly systems and deep 

learning.



- 41 - 

  

 
Fig.  2.10. Literature assimilation and knowledge gap identification
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3 Object Shape Error Response 

using Bayesian 3D 

Convolutional Neural Networks 

for Assembly Systems with 

Compliant Parts1 

3.1 Introduction 

The chapter proposes the novel OSER kernel to estimate the dimensional and geometric 

variation of assembled products and then relate these to process parameters, which can 

be interpreted as RCs of the object shape defects. The OSER approach leverages 

Bayesian 3D-Convolutional Neural Networks integrated with CAE simulations for RC 

isolation. Compared with the existing methods, the proposed approach (i) addresses a 

novel problem of applying deep learning for object shape error identification instead of 

object detection; (ii) overcomes fundamental performance limitations of current linear 

approaches for RCA of assembly systems that cannot be used on point cloud data; and, 

(iii) provides capabilities for unsolved challenges such as ill-conditioning, fault-

multiplicity, RC prediction with uncertainty quantification and learning at design phase 

when no measurement data is available. Comprehensive benchmarking with existing 

machine learning models demonstrates superior performance with R2=0.98 and Mean 

Absolute Error (MAE) =0.05 mm, thus, improving RCA capabilities by 29%. The 

kernel fulfils requirements (i)-(vi) within the scope of single station assembly systems. 

The contributions of the chapter can be summarized as follows:  

(1) Propose a 3D OSER methodology based on a novel Bayesian 3D CNN architecture: 

 
1 Based on S. Sinha, P. Franciosa, and D. Ceglarek, "Object Shape Error Response using 

Bayesian 3D Convolutional Neural Networks for Assembly Systems with Compliant Parts," 

vol. 17, no. 10, pp. 6676-6686, IEEE Transactions on Industrial Informatics, 2021, DOI: 

10.1109/TII.2020.3043226. 

https://ieeexplore.ieee.org/document/9286512 

https://ieeexplore.ieee.org/document/9286512


- 43 - 

  

it builds on current research in the area of 3D Object Detection [14] by expanding 

it to manufacturing systems where the key goal is not to detect the object but to 

estimate various shape error patterns present on the final object/product and relate 

these variation patterns to manufacturing process parameters variations within the 

system. This is the first work to propose an uncertainty enabled 3D CNN-based 

deep learning model for RCA of assembly systems.  

(2) Propose a closed-loop framework for training and deployment of the Bayesian 3D 

CNN model that leverages a Computer-Aided Engineering (CAE) simulator known 

as VRM [6] to emulate the multi-stage assembly system. The VRM performs 

sampling, which leverages the Bayesian 3D CNN’s epistemic uncertainty estimates, 

thereby, reducing overall simulation and training time. Given that data availability 

within manufacturing systems is costly, scarce and the data can be highly skewed, 

the VRM functions as a physics-based Digital Twin for generating augmented data 

that is close to the physical system and can, therefore, be used to train the proposed 

model.  The trained model can then be leveraged for RCA of assembly systems 

using point cloud scans obtained from 3D scanners. 

(3) Verify & validate the methodology on an industrial, automotive door assembly 

process made of compliant parts.  

(4) Benchmark 3D OSER methodology against three categories of methods that can be 

leveraged to estimate the dimensional and geometric variation of assembled 

products, namely, (i) current linear state-of-the-art RCA models; (ii) machine 

learning models in a multi-output regression setting; and (iii) deep learning models 

such as various types of CNNs and fully connected networks to highlight 

performance and the ability to fulfil the aforementioned six requirements. 

The rest of the chapter is organised as follows; Section 3.2 formulates the object shape 

error estimation problem; Section 3.3 presents the proposed Bayesian 3D CNN 

architecture, the steps involved in architecture optimization and the overall steps 

required to train and deploy the model; Section 3.4 presents the industrial case study. 

Finally, conclusions are summarized in Section 3.5. 
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3.2 Problem Formulation 

3.2.1 Object Shape Error Estimation in Manufacturing 

Multi-stage assembly systems can be mathematically expressed as a state-space model 

where different states correspond to different configurations of the manufacturing 

system at a given stage [73]. The input is an object (set of parts to be assembled) 

entering the assembly process. Within the process, object shape errors can be 

introduced in any stages due to one or multiple variations in the process parameters and 

are further propagated through the stages (Fig.  3.1). Any object 𝑜 at its design nominal 

shape is characterized by a set of nominal points 𝑷𝒐 = {𝒑𝒐𝒌}, 𝑘 = 1,… , 𝑛𝑜, where 𝒑𝐨𝒌 

is a vector consisting of the x,y and z coordinates of the kth input point and 𝑛𝑜 

represents the total number of points on object 𝑜. The object here represents a single 

subassembly that is assembled in a single station, which can be understood as a 

collective reference to all parts used in this assembly station. In practice, the points 

correspond to mesh nodes in the Computer-Aided Design model of the object when 

considering CAE simulations and actual points within the point cloud when considering 

the 3D scan of the object.  𝒅𝒐 = {𝒅𝒐𝒌} denotes the deviation of each point 𝑘 after the 

nominal object 𝑜 has gone through different stages of the process, 𝒅𝒐𝒌 is a vector 

comprised of deviations of each point in x,y and z axes on object 𝑜. An assumption 

made in this chapter is that the assembly process has a single station which includes 

multiple stages 𝑠 = 1,… ,4 involving objects/parts: positioning (P), clamping (C), 

fastening (F) and release (R). This assumption is relaxed in chapter 3. Stage 𝑠 = 0 is 

used to represent the incoming part that includes deviations from the previous 

processes, such as part fabrication. As the object 𝑜 goes through multiple stages, the set 

of points are represented as 𝑷𝒐
𝒔  while 𝒅𝒐

𝒔  represents the deviations. 

As the primary goal of this research work is object shape error estimation hence, 

it extends the problem formulation in object detection, which only considers the set of 

points {𝒑𝒐𝒌} [20], by including deviations for each point {𝒅𝒐𝒌} as additional features. 

This adds the required discriminative ability in the data hence, enabling object shape 

error estimation. Thus, the object shape error for object 𝑜 after stage 𝑠 can be 

represented as: 
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𝒙𝒐
𝒔 = (𝑷𝒐

𝒔 , 𝒅𝒐
𝒔) (3.1) 

On the other hand, the set of all process parameters across all stages are denoted 

by 𝒚 where 𝒚 = {𝑦1, … , 𝑦ℎ}, ℎ denotes the total number of process parameters. The 

deviation 𝒅𝒐
𝒔  of points at each stage 𝑠  for object 𝑜 can be expressed as the sum of all 

deviations ∆𝒐
𝒔  accumulated in all stages from stage 0 up to stage 𝑠: 

𝒅𝒐
𝒔 = ∑∆𝒐

𝒋

𝑠

𝑗=0

(3.2) 

 

where 𝒅𝒐
𝟎 represents the shape error of incoming object 𝑜 caused by upstream 

manufacturing processes. After each stage 𝑠  the actual points of the object 𝑜 with error 

can be written as: 

𝑷𝒐
𝒔 = 𝑷𝒐 + 𝒅𝒐

𝒔 (3.3) 

 

At the end of the final assembly stage 𝑠 = 4  the object shape error data for the assembly 

𝑷𝒔=𝟒 is collected and decomposed into the nominal points 𝑷 and their deviations 𝒅𝒔=𝟒 

by using alignment techniques[64], where 𝑷𝒔=𝟒 , 𝒅𝒔=𝟒 are now a collective reference to 

the set of all incoming objects that have been assembled. The measurement system error 

𝜀 is considered to be negligible (𝜀 ≈ 0). The object with errors is represented as a point 

cloud of non-ideal part: 

 

𝒙𝒔 = {(𝒑𝒌, 𝒅𝒌
𝒔)} = (𝑷, 𝒅𝒔) (3.4) 

 

where 𝒅𝒌
𝒔   can be considered as features at each point 𝒑𝒌. 

The Bayesian 3D CNN model training aims to learn assembly process transfer 

function 𝑓(. ) (equivalent to state transition matrix in [51]). The function 𝑓(. ) is 

parametrized by weights and biases of a CNN that can accurately estimate the process 

parameters 𝒚  given the point cloud data of non-ideal 𝒙𝒔 parts collected from the system: 

𝒚 = 𝑓(𝒙𝒔) (3.5) 
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PCFR: Position-Clamp-Fastening-Release 
 

Fig.  3.1. Object shape error propagation in assembly systems 
 

The high accuracy of the 3D CNN in estimating all assembly process parameters 𝒚 

provides the underlined capability of the OSER approach for high root cause (RC) 

isolability. Essentially within assembly systems, RCs are estimated as a subset of the 

estimated process parameters: 

𝑹𝑪 ⊆ 𝒚 (3.6) 

Based on the requirements and the production phase of the assembly system, the exact 

definition of an RC may differ, but the critical requirement to conduct RCA under any 

definition is to accurately estimate all process parameters 𝒚. Hence, the proposed OSER 

approach aims to do the aforementioned by estimating 𝑓(. ) as specified in (3.5). 

3.2.2 3D Object Shape Error Voxelization 

In the presented OSER approach, the simulation output represented as mesh or point 

cloud data {(𝒑𝒌, 𝒅𝒌
𝒔)} (3.4) is transformed to voxel grids {𝑽𝒖,𝒗,𝒘} with discrete voxel 

coordinates (u,v,w) in the following way: for all points 𝒑𝒌 = (𝑥𝑘, 𝑦𝑘, 𝑧𝑘) that fall within 

a voxel grid {𝑽𝒖,𝒗,𝒘} the maximum value of 𝒅𝒌 = (�̃�𝑘, �̃�𝑘, �̃�𝑘) across all points mapped 

to the same voxel, characterizes the features of the corresponding voxel grid and is 

represented as {𝑽𝒖,𝒗,𝒘,𝒅}. The voxelization techniques used in object detection [20] is 

applied to construct the initial voxel structure of the object, and for each unique object, 

the voxel features are characterized by the shape error 𝒅𝒌. The key difference is that in 

object detection, voxel grids are characterized by either binary voxels or voxels 

containing RGB values for each point instead of real values of shape error 𝒅𝒌 as in the 

OSER approach. Although binary voxels, traditionally used in Object Detection, retain 

Objects point cloud data
𝑷𝒔 = 𝒑𝒌

𝒔 +   

Process parameters : 𝒚 

M𝑷𝒐
𝟎, 𝒅𝒐

𝟎 Assembly Station

with PCFR stages 

3D 
scanner

Object Shape Error:
𝒙𝒔 = {(𝒑𝒌,𝒅𝒌

𝒔)}

𝑷𝒐
𝒔 , 𝒅𝒐

𝒔
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the spatial structure, the granularity of voxelization required to discriminate between 

minor differences in the shape error will make the problem computationally infeasible 

and hence, limit performance. In the proposed approach, the nominal object is 

voxelized, and actual values of the shape error characterize each voxel 𝒅𝒌. This is 

critical in representing the geometric variations with the required granularity for 

effective RCA. This efficiently retains all information about the spatial structure of the 

object and the components of object shape errors. Given the alignment ensures a fixed 

orientation, there is no need for data augmentation to achieve rotation invariance. 

3.2.3 Uncertainty Estimation 

Given the uncertainties of the system and the availability of only a limited dataset, a 

deterministic estimate of function 𝑓(. ), as shown in (3.5), is not feasible. Hence, by 

leveraging Bayesian inference, a prior distribution can be allocated over the space of 

possible functions 𝑝(𝑓) which represents a prior belief of the possible functions 𝑓(. ). 

Given a dataset, a likelihood 𝑝(𝒚|𝑓, 𝒙𝒔) is defined to model the function from which 

the observation is generated; and, hence, given a dataset (𝒙𝒔, 𝒚) the posterior 

distribution over the functions 𝑝(𝑓|𝒙𝒔, 𝒚) can be inferred. The function is characterized 

by model parameters 𝜔 represented by 𝑓𝜔 (weights and biases for neural networks) and 

the posterior over the function can be inferred by estimating the posterior over the 

parameters 𝜔. In Bayesian Neural networks, this is achieved through Bayes–by–

Backprop  [164] and Flipout [89]. Given a dataset, the posterior can be written as: 

𝑝(𝜔|𝒙𝒔, 𝒚) = 𝑝(𝑦|𝒙𝒔, 𝜔 ) 𝑝(𝜔) 𝑝(𝒚|𝒙𝒔)⁄ (3.7) 

For complex models such as deep neural networks, it is not analytically possible 

to infer the true posterior for all model parameters 𝑝(𝜔|𝒙𝒔, 𝒚) hence, an approximating 

variational distribution 𝑞𝜃(𝜔) parametrized by 𝜃, such as normal distribution, is used 

to approximate the posterior. This approach is known as variational inference [180]. 

The approximating distribution should be as close as possible to the true posterior, 

which is achieved by minimizing the Kullback-Leibler (KL) divergence with respect to 

𝜃: 
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𝐾𝐿(𝑞𝜃(𝜔)||𝑝(𝜔|𝒙𝒔, 𝒚)) = ∫𝑞𝜃(𝜔) 𝑙𝑜𝑔 𝑞𝜃(𝜔) 𝑝(𝜔|𝒙𝒔, 𝒚)⁄ 𝑑𝜔 (3.8) 

The posterior weight distribution parameters 𝜃 are obtained by minimizing the 

variational free energy cost function known as the expected lower bound (ELBO). 

ELBO includes sum of (i) Kullback-Leibler (KL) divergence (3.8) which measures the 

divergence between the true posterior and its variational approximation, and (ii) 

negative log-likelihood (NLL) of the dataset which measures the goodness-of-fit of the 

model. Using the estimated variational distribution 𝑞∗
𝜃
(𝜔) the process parameter 

distribution quantifying the uncertainties for a new data point 𝒙𝒔∗ can be obtained using: 

𝑝(𝒚∗|𝒙𝒔∗, 𝒙𝒔, 𝒚) ≈ ∫𝑝(𝒚∗|𝒙𝒔, 𝜔)𝑝(𝑤|𝒙𝒔, 𝒚)𝑑𝜔 =: 𝑞∗
𝜃
(𝒚∗|𝒙𝒔∗) (3.9) 

3.3 Methods 

3.3.1 Bayesian 3D CNN Model Architecture 

Building on the work done on voxel-based approaches for 3D object detection such as 

VoxNet[20], the research proposes a Bayesian 3D CNN architecture to enable object 

shape error estimation. The 3D convolutions aggregate features from the input, which 

are then utilized by the fully connected layers and mapped to process parameters. The 

model consists of three 3D convolutional Flipout layers, a 3D max-pooling layer 

followed by three fully connected Flipout layers. The final layer estimates parameters 

of the predictive distribution for all process parameters. The convolution can be 

represented as: 

𝑣𝑎𝑏
𝑥𝑦𝑧

= 𝑅𝑒𝐿𝑈(𝛽𝑎𝑏 + ∑ ∑ ∑ ∑ 𝑤𝑎𝑏
𝑝𝑞𝑟𝑣(𝑎−1)𝑚

(𝑥+𝑝)(𝑦+𝑞)(𝑧+𝑟)

𝑅𝑖−𝑁𝑖

𝑟=0

𝑄𝑖−𝑀𝑖

𝑞=0

𝑃𝑖−𝐿𝑖

𝑝=0𝑚

) (3.10) 

where 𝑣𝑎𝑏
𝑥𝑦𝑧

 represents the layer output value at position (𝑥, 𝑦, 𝑧) in the ath layer and bth 

feature map. ReLU is the Rectified Linear Unit activation function [113]. 𝛽𝑎𝑏 represents 

the bias; m represents no. of filters from the previous layer; (𝑃𝑎, 𝑄𝑎, 𝑅𝑎) and 
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(𝐿𝑎, 𝑀𝑎, 𝑁𝑎) represent the kernel dimensions and stride lengths in the three directions, 

respectively; 𝑤𝑎𝑏
𝑝𝑞𝑟

 represents the weights of the connections. The convolution 

operation as in (3.11) is done consecutively for the three convolutional layers. In 3D 

max-pooling operation, the resolution of the feature map is reduced by taking the 

maximum value of the local neighbourhood of the layer outputs. Given the Bayesian 

framework, each parameter of the Bayesian 3D CNN model follows a distribution. In 

the case of neural networks, it is not feasible to assign informative priors; hence, non-

informative prior distributions are placed over the model parameters.  Each parameter 

is approximated using a variational inference approach, assuming that the posterior 

follows a normal distribution. The overall model has 1,997,286 trainable parameters. 

Output nodes have linear activation units. Fig.  3.2 shows the proposed Bayesian 3D 

CNN model architecture with annotated hyper-parameters.  

 
Fig.  3.2. Bayesian 3D CNN model architecture of the OSER method 

3.3.2 Architecture Selection and Optimization 

Hyper-parameters optimization for Bayesian 3D CNNs is done to maximize 

performance and eliminate architectures that are more likely to overfit. As this is 

computationally intensive hence, in order to perform optimization in a computationally 

feasible manner, the following steps were involved: 

Step 1 – Set Baseline: VoxNet [14], a 3D CNN architecture used for object detection 

consisting of two 3D convolutional layers, one max-pooling layer and two fully 

connected layers, is set as the baseline. A dataset consisting of 1500 samples is 

generated to conduct k-fold cross-validation (k=6). The hyper-parameters are split into 
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two categories; Category one consists of the number of convolutional layers 𝑁𝐶 =

{2,3,4} and number of dense layers 𝑁𝐷 = {1,2,3}; Category two consisted of the 

number of filters in each 3D convolutional layer, filter size for each 3D convolutional 

layer and number of hidden units in each dense layer. 

Step 2 – Grid Search for Category one Hyper-parameters: In this step, a grid search 

for category one hyper-parameters is conducted. Each selection is evaluated using k-

fold cross-validation (Fig.  3.3). For computational feasibility, category two hyper-

parameters are kept constant and equal to the VoxNet architecture values. 𝑁𝐶 = 3 and 

𝑁𝐷 = 3 were obtained as the optimal hyper-parameters having the minimum cross-

validation Mean Absolute Error (MAE) average of 0.08 mm. 

Step 3 – Hyperband for Category Two Hyper-parameters: The optimal values for 

category one hyper-parameters are fixed, and further Hyperband [181] is leveraged to 

obtain the optimal values for category two hyper-parameters given its ability to speed 

up the random search process through adaptive resource allocation and early stopping. 

Step 4 – Deterministic to Bayesian Model: The final step includes replacing the 

deterministic layer with Bayesian Flipout layers and then training using Bayes-By-

Backprop. Various learning rates and prior distributions for the model weights were 

tested. Standard normal distribution provided the best balance between weight 

initialization and weight exploration, which was inferred by conducting an uncertainty 

vs error calibration study. The training hyper-parameters that provided the best 

uncertainty calibration and ensured that the model performance was more significant 

than or equal to the deterministic counterpart were selected as the final Bayesian 3D 

CNN architecture training hyper-parameters. The changes from the baseline 

architecture of Object Detection that enable the fulfilment of the aforementioned six 

requirements are summarized in Table 3.1. 
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Fig.  3.3. Grid search for category one hyper-parameters 

 

Table 3.1: Object detection & OSER comparison 
Object Detection 

(VoxNet) 

Object Shape Error 

Detection (OSER) 
Rationale 

Single-channel binary 

occupancy input voxel of 

dimension 

32 × 32 × 32 

Multi-channel real-valued 

object shape error input voxel 

of dimension 

64 × 64 × 64 × 3 

High data dimensionality of shape 

error  
(𝑷, 𝒅𝒔) (Requirement (i)) 

Two 3D Convolutional 

layers, one dense layer 

and categorical output 

layer 

Three 3D Convolutional 

layers, three dense layers and 

real-valued output layer 

Increased model capabilities to 

handle non-linearity, collinearity 

and high fault multiplicity 

(Requirement (ii),(iii),(iv)) 

Deterministic Layer Bayesian Flipout Layer 

Uncertainty quantification for 

corrective actions and closed-loop 

sampling for faster convergence 

(Requirement (v),(vi)) 

3.3.3 Model Training and Deployment 

Training of the model is done in a closed-loop framework (discussed in detail in 

Chapter 5) using data generated by OSEM. The key motivation behind using a closed-

loop framework instead of an open-loop framework is to minimize the bottle-neck 

computation, i.e., multi-physics simulation using the VRM model. Although this 

increases the number of training iterations, the overall time of VRM simulation and 

training is significantly reduced as fewer samples need to be generated. The key steps 

of the proposed framework are summarized below (Fig.  3.4):  
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Step 1 – Sampling: Process parameters 𝒚 are sampled from the allowable ranges. Latin 

Hypercube Sampling [182] is used to generate initial process parameter sample values, 

given it distributes samples optimally across the ℎ −dimensional process parameter 

space by stratifying the possible ranges. The consecutive sets of samples are generated 

using Monte Carlo sampling based on the uncertainty 𝝈(�̂�) of the model. 

Step 2 – VRM Simulation: The samples are used as input to the VRM to simulate the 

assembly process and generate the output mesh from which the point cloud and 

deviations of each point are extracted after the desired stage 𝑠 of the assembly system 

as in (3.4)  𝒙𝒔 =  {(𝒑𝒌, 𝒅𝒌
𝒔)}. 

Step 3 – Model Training: The point cloud and deviation data of object shape errors 

along with the respective process parameters (𝒙𝒔 = ({(𝒑𝒌, 𝒅𝒌
𝒔)}, 𝒚) are used for model 

training. Note that 𝒙𝒔 is voxelized {𝑽𝒖,𝒗,𝒘,𝒅} before it is used for training. Bayes–by–

Backprop and Flipout are applied for model training. The loss function optimized while 

training comprises the sum of KL divergence for each layer (3.8) and the negative log-

likelihood (3.11) of the predictive distribution.  

− ln 𝐿 = 1 2⁄ [ln(|𝚺|) + (𝒚 − 𝝁)𝑇𝚺−1(𝒚 − 𝝁) + ℎ ln(2𝜋)] (3.11) 

The KL divergence term quantifies the divergence between the true posterior 

and its variational approximation. After rearrangement one of the terms appearing in 

the KL divergence quantifies the role of the prior and has a regularization effect, hence 

preventing overfitting. Group normalization [183] with four groups is used after each 

convolutional layer. This also prevents overfitting and accounts for small minibatch 

size due to GPU memory size constraints and aids in stabling the training process. 

Weights of the network are initialized using a normal initializer [184]. The Adam 

method for stochastic optimization was used to optimize the loss function while training 

[185]. The initial learning rate is fine-tuned to 𝛼 = 0.0005, and monotonic KL 

annealing was leveraged to ensure the model initially learns the object shape error and 

process parameter relations before applying the KL penalty for uncertainty 

quantification. The learning rate fine-tuning, monotonic KL annealing and ReLU 
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activations prevent gradient vanishing.  The predictive distribution is modelled as a 

multivariate normal 𝒩ℎ with ℎ components (same number of components as the number 

of process parameters ℎ), 𝒚 ~ 𝒩ℎ(𝝁, 𝚺) where each component corresponds to a 

process parameter hence, the mean across all components of the multi-variate 

distribution corresponds to the set of process parameters 𝒚. The distribution is assumed 

to have a diagonal covariance matrix 𝚺. The scale parameters in the diagonal are 

assumed to be fixed since the noise has been assumed to be negligible.  

After each iteration of training, the model is evaluated on the validation set. For 

evaluation, Monte Carlo (MC) sampling from the model is done, and the sample means 

�̅� and standard deviations 𝝈(�̂�) are estimated for each process parameter. 

𝝈(�̂�) represents the epistemic uncertainty, while the fixed scale parameters of the 

predictive distribution represent the known aleatoric uncertainty [36]. Given the 

assumption of negligible measurement noise, aleatoric uncertainty is considered to be 

negligible, and hence, the overall uncertainty in the prediction can be assumed to be 

equal to epistemic uncertainty  𝝈(�̂�). This uncertainty is used for sampling in the next 

iteration. 

Mean Absolute Error (MAE) between the model estimates �̂� = �̅� and actual 

value 𝒚 across all process parameters ℎ (3.12) is used as the metric for model 

performance evaluation given the ease of interpretation and given that the model 

outputs are continuous and real-valued. Training is stopped when MAE is below the 

required threshold 𝜖. The threshold value for this metric is determined based on the 

quality requirements for a specific product as required by design tolerances and the 

accuracy of the measurement system. The model is trained within the measurement 

system accuracy. For example, automotive body assembly process tolerances are within 

[-1mm,1mm], and the 3D optical scanner used has a repeatability of 0.05 mm and 

accuracy within 0.15 mm.  

𝑀𝐴𝐸 = ∑|𝒚 − �̂�| ℎ⁄

ℎ

(3.12) 

Step 4 – Model Deployment: After training, the model can be deployed within an 
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existing system. The data collected from the 3D scanner 𝑷𝒔 is aligned to obtain point 

cloud and deviations 𝒙𝒔 = {𝒑𝒌, 𝒅𝒌
𝒔 } and then, voxelized 𝑽𝒖,𝒗,𝒘,𝒅 before it can be given 

to the trained model for conducting RCA inference. Inferencing estimates the process 

parameters for a given 𝒙𝒔 (3.5) using MC sampling from the trained model. Using these 

samples, process parameters (distribution mean) �̅� and their uncertainty (distribution 

standard deviation) 𝝈(�̂�) can be estimated. The sample mean �̅� is considered as the 

model estimate �̂�, while 𝝈(�̂�) quantifies the uncertainty. Further, the RCs can be 

inferred as a subset of �̂� (3.6). The work has been implemented using Python 3.7 and 

TensorFlow - GPU 2.0 [186] and TensorFlow-Probability 0.8. A python library, 

Bayesian Deep Learning for Manufacturing [187] has been developed to validate and 

replicate the results of the methodology. Both the data generation and evaluation of the 

OSER methodology have been done using VRM. Two Nvidia Tesla V100 32 GB GPUs 

are used for model training and deployment. 

 
Fig.  3.4. Model training and deployment framework 

3.4 Case Study 

3.4.1 Assembly Setup 

For verification and validation of the proposed OSER approach, an automotive 

assembly of two components, namely, the door inner and hinge reinforcement, are 

selected. The assembly setup and parameters are shown in Fig.  3.5. The assembly 

process is controlled by the six (ℎ = 6) parametrized process parameters 𝑦1, 𝑦2, … , 𝑦6 

(depicted using yellow symbols in Fig.  3.5). Assembly parameters such as pin-hole, 
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pin-slot and NC blocks for the door inner are considered constant (depicted using green 

symbols in Fig.  3.5) and are not parameterized. Data is collected after stage 𝑠 = 4. The 

point cloud is characterized by 𝑛 = 10841 points, which are pre-processed and 

voxelized to (𝑢, 𝑣, 𝑤) = (64,64,64) voxel grids. The deviation features 𝒅 include 

deviations in all directions for all points(�̃�𝑘, �̃�𝑘, �̃�𝑘). The assembly consists of four 

stages (Fig.  3.6): Stage 1 involves positioning (i) the door inner on the pin-hole, pin-

slot and the three NC blocks (not parametrized; marked in green in Fig.  3.6), (ii) hinge 

reinforcement using the pin-slot (𝑦1), pin-hole (𝑦2, 𝑦3); Stage 2 comprises of clamping 

two parts together using three NC-Blocks with clamps (𝑦4, 𝑦5 and 𝑦6); Stage 3 involves 

fastening/joining of the two parts using self-piercing riveting (SPR); and, finally, Stage 

4 involves releasing the clamps (𝑦4, 𝑦5 and 𝑦6) after the fastening is completed. The 

training range for all process parameters is [- 1 mm, 1 mm] while the validation range 

is [-2 mm, 2 mm]. Point cloud and deviation data {(𝒑𝒌, 𝒅𝒌
𝟒)} are collected after release, 

i.e., Stage 4 (Fig.  3.6). The data is voxelized {𝑽𝟔𝟒,𝟔𝟒,𝟔𝟒,𝟑} and used as model input and 

the process parameters 𝑦1, 𝑦2, …, 𝑦6 are used as model outputs.  

 
Fig.  3.5. Assembly Process Parameters 

 

 
Fig.  3.6. PCFR Stages of the Assembly Process 
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After starting with 200 initial samples for model training, 200 samples are 

adaptively added during each iteration of the closed-loop training based on the 

uncertainty estimates. The model is trained on the combined dataset, including all 

previous samplings, to ensure no catastrophic forgetting (using 200 samples provided 

an optimal tradeoff between VRM simulation time and model training time). These 

samples and outputs are used for training the Bayesian 3D CNN model. The diagonal 

scale parameters for all process parameters in the covariance matrix are fixed at 0.001. 

A validation set of 300 samples is generated within the validation range, and after each 

iteration, the trained model is evaluated on the validation set. During evaluation for 

each of 300 samples, 1000 MC samples are drawn from the trained model. The sample 

means are considered as the estimate for the process parameters, while the sample 

standard deviations quantify the uncertainty for each process parameter for the given 

sample. RCs can be inferred from the process parameter estimates. The closed-loop 

training is stopped when the average MAE across all process parameters for the 

validation set is below the threshold selected to be 0.05 mm for automotive assembly 

applications as the impact of variations less than 0.05 mm is not detectable by the 3D 

scanner. After this, the model is ready for deployment with measurement data collected 

from 3D optical scanners followed by alignment and voxelization. For each 

measurement, MC samples from the trained Bayesian 3D CNN model can be drawn to 

estimate process parameter mean and standard deviations (uncertainty). Measurement 

data collection is done using WLS400A[4] mounted on an ABB robot.  

In summary, the industrial assembly process selected for the case study consists 

of (i) high dimensionality point cloud (10841 points); (ii) non-linearity as induced by 

fixturing (N-2-1, where N=6), two compliant parts and part-to-part interactions (door 

inner to hinge reinforcement); (iii) collinearity induced by fixturing as locators: 

𝑦4, 𝑦5, 𝑎𝑛𝑑 𝑦6 are within 5 degrees of collinearity (-3 to 2-degree deviation from axis 

y); and (iv) high fault multiplicity as we take into consideration 6-sigma defects at the 

level of variation within 3D scanner accuracy (<0.05 mm) that significantly increases 

fault multiplicity from zero to 6 process parameters manifesting errors (100% fault 

multiplicity). The door assembly requirements are: (1) Product: Design tolerances of 

door assembly: [-1.0, 1.0] [mm], (2) Process: Fixturing calibration and commissioning 
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is achieved within [-0.1; 0.1] [mm], and (3) Shape error detection: Using the 3D optical 

scanner for measurement.  

Key Performance Indicators (KPIs) used for assessment of the results are as 

follows: (i) Mean Absolute Error (MAE) <0.05 mm and, (ii) R2>0.95 for the model to 

have the capability to explain more than 95% variance in the process parameters under 

the assembly system Requirements (ii)-(iv). 

3.4.2 Results 

The KPIs of model performance are summarized for all 𝑦1, … , 𝑦6 in Fig.  3.7. The model 

convergence is shown in Fig.  3.8. The model converges with average MAE across all 

process parameters equal to 0.05 (below the required threshold) and average 𝑅2 equal 

to 0.98 after 10 iterations of closed-loop training, which included a total of 2000 

samples being generated adaptively. For validation purposes, this study trained both 

Bayesian 3D CNN and a deterministic version of the model, i.e., 3D CNN with the 

same architecture as in Fig.  3.2. 

 
Fig.  3.7. MAE and 𝑅2 across all process parameters 

 

 
Fig.  3.8. Bayesian 3D CNN OSER Convergence 



- 58 - 

  

3.4.3 Benchmarking and Discussion 

The benchmarking analysis is conducted by using the six requirements as listed in 

Section 1.2. The case study and results and analysis of collinearity, multiplicity and 

uncertainty, are used to demonstrate the capabilities of the proposed approach to fulfil 

the aforementioned requirements. The benchmarking analysis of the proposed 3D 

OSER approach is discussed on two levels: 

1. OSER vs currently used approaches at production phase when point cloud 

data is available – The benchmarking is conducted for two scenarios: (a) RCA; and (b) 

RCA with uncertainty quantification;  

RCA: as discussed in Section 1.2, the state-of-the-art models used for assembly process 

RCA, such as [54] [188], are linear and can be classified as regularized linear regression 

approaches (Table 3.2). Hence, their upper limit performance can be estimated by using 

regularized linear regression on all point deviations d within the point cloud.  They also 

use a limited number of sampled points from the point cloud on a single part (less than 

100 out of >10,000) which additionally limit their performance for assembly processes.  

The OSER methodology validation against the six requirements as presented in Section 

1.2 is as follows. Requirement (i) is fulfilled by the proposed voxelization approach, 

which ensures that irrespective of the dimensionality of the point cloud, it is 

transformed into a sparse tensor of dimensions (64,64,64,3) which preserves 

information in terms of the spatial object structure and point deviation features. This 

also enables the application of OSER based models that require a regular data structure 

as input. Secondly, the model performance of the state-of-the-art regularized linear 

regression approaches is at 𝑀𝐴𝐸 =  0.41 mm and 𝑅2 = 0.76 (see Table 3.2), which is 

unsatisfactory as compared to the required MAE<0.05, 𝑅2 >0.95. This is because the 

regularized linear regression model can explain only the linear variance in the system. 

By comparison, the proposed OSER model demonstrates good performance at 𝑀𝐴𝐸 =

 0.05, 𝑅2 = 0.98, hence fulfilling Requirements (ii), (iii) and (iv). Fig.  3.9 compares 

the performance of regularized linear regression (i.e. upper limit for state-of-the-art 

approaches) with the proposed OSER approach under different levels of fault 

multiplicity and collinearity. For example, in scenarios 1, 2 and 3 (fault multiplicity up 

to 50%), both approaches have similar performance.  However, in scenarios 4, 5 and 6, 
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as the fault multiplicity increases to 4, 5, and 6 parameters being simultaneously at fault, 

i.e., 100% of parameters, and with induced by collinear design relation between process 

parameters and input, the performance of linear model decreases while OSER approach 

exhibits performance above the required threshold (𝑅2 >0.95). 

 
Fig.  3.9. Performance under different levels of fault collinearity and multiplicity 

(from single fault 𝑦1; and two-fault 𝑦1, 𝑦2; … up to all parameters being simultaneously at 

fault 𝑦1, 𝑦2, … , 𝑦6) 

The benchmarking also comprehensively assesses the OSER against existing deep 

learning and machine learning techniques [189] in ways that are not currently used for 

RCA of assembly processes (see Table 3.2). This chapter implemented these techniques 

and applied them for the aforementioned case study.  CNN based deep learning methods 

were selected as they retain spatial information while learning, which is essential for 

object shape error estimation. Each model is compared in its ability to fulfil the 

aforementioned six requirements. Table 3.2 shows the implemented benchmark 

approaches and the results.  The multi-view 2D CNN (MV-CNNs) [190] approach 

considers six 2D projections of the object shape error. Gridding is performed on each 

projection. Each projection has an input dimension of 64 × 64 × 3. Each of the six 

projections is given as input to the MV- CNN consisting of six heads. These are pooled 

before the fully connected layers. Depth based CNNs [130] considers a single 

projection along the y-axis with dimension 64 × 64 × 4. The first three channels 

consist of the shape error (𝒅), while the fourth channel consists of the y-coordinate of 

the nominal point-cloud 𝑷𝒐. Both 2D CNNs based approaches have same 

hyperparameters as the OSER (but only considering 2D Convolutions and 2D Max-

pooling). The deep dense neural network is given as input the flattened vector of shape 
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error 𝒅 = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛 {(�̃�𝑘, �̃�𝑘, �̃�𝑘)}. It consists of two hidden layers (1024, 512 nodes 

respectively) with ReLU activations and a linear output layer with 6 nodes. All machine 

learning models take as input a transformed input of 𝒅 = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛 {(�̃�𝑘, �̃�𝑘, �̃�𝑘)}. 

Principal component Analysis (PCA) is used for the transformation and reduced 

features explaining 99% of the variance are retained. Comparison for Requirement (i) 

is done based on the transformation used for input. Shape error voxelization retains 

information on the 3D structure and shape error features, while projection retains only 

2D spatial structure. Flattening eliminates all information related to the spatial structure, 

while PCA also eliminates information explaining 1% of the variance. Comparison for 

Requirements (ii), (iii) and (iv) are done on performance attributes, namely, accuracy 

(MAE) and goodness-of-fit (𝑅2). Comparison for Requirement (v) is done on the ability 

to quantify and segregate uncertainties. Lastly, a comparison for requirement (vi) is 

done on overall training time, which is inclusive of the CAE simulation time and model 

training time. Although the proposed model has a higher model training time, the 

overall training time is significantly lesser due to leveraging the epistemic uncertainty 

to generate informative samples leading to faster convergence with only ~2000 

samples. All other models are trained using random sampling until convergence. Fig.  

3.10 summarizes the convergence of the entire set of benchmarking models. The hyper-

parameters of the machine learning models were optimized using grid search. For 

statistical quantification of accuracy and goodness-of-fit, 20 runs of training and testing 

are conducted using a set of 4000 randomly sampled data points for training and 300 

for validation within the validation range. The mean and standard deviation (SD) for 

each model-averaged across six process parameters have been reported. The proposed 

OSER model's model performance is significantly better in terms of accuracy and 

goodness of fit. The result from ANOVA followed by post-hoc Tukey-HSD test at 95% 

significance level considering two sources of variations (model type and process 

parameter) showed the differences to be statistically significant. This comes at the 

expense of increased model complexity. 
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Table 3.2: Benchmarking Results 

  Requirement (i) Requirement (ii),(iii),(iv) Requirement (v) Requirement (vi) 

 Models  

Accuracy 

(MAE) 

Goodness-of-fit 

(𝑹𝟐)  Sampling 

CAE 

Simulatio

n Time 

(minutes) 

Model 

Training 

Time 

(minutes) 

Total 

Training 

Time 

(minutes) 
Mean SD Mean SD 

Proposed 

OSER 

(Bayesian 3D CNN) 

3D Shape Error 

Voxelization  
0.05 0.03 0.98 0.01 

Aleatoric & 

Epistemic 

Uncertainty 

Epistemic 

uncertainty 

sampling 

(2000 samples) 

4400 424 4824 

OSER 

(3D CNN) 

3D Shape Error 

Voxelization 
0.05 0.01 0.98 0.009 No  

Random Sampling 

(4000 samples) 
8800 268 9068 

Deep Learning 

Multi-View 2D CNNs 

(MV-CNNs) 

6 face projection 

and 2D gridding 
0.08 0.02 0.94 0.01 No 

Random Sampling 

(4000 samples) 
8800 321 9121 

Depth Based 2D CNNs 
1 face projection 

and 2D gridding 
0.12 0.04 0.93 0.02 No 

Random Sampling 

(3000 samples) 
6600 248 6848 

Deep Dense Neural 

Networks 
Flattening 0.28 0.09 0.91 0.07 No 

Random Sampling 

(5000 samples) 
11000 358 11358 

Machine 

Learning 

Gradient Boosted Trees PCA 0.26 0.08 0.93 0.08 No 
Random Sampling 

(3000 samples) 
6600 120 6720 

Random Forests PCA 0.29 0.09 0.92 0.08 No 
Random Sampling 

(3000 samples) 
6600 136 6736 

Support Vector 

Regression 
PCA 0.38 0.09 0.85 0.1 No 

Random Sampling 

(2500 samples) 
5500 180 5680 

Currently used 

linear 

approaches 

Regularized Linear 

Regression 
PCA 0.41 0.01 0.76 0.01 No 

Random Sampling 

(1600 samples) 
3300 10 3310 
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Fig.  3.10. Convergence comparison for all benchmarking models 

RCA with Uncertainty Quantification: As discussed in Section 1.2, the identified RCA 

frequently leads to costly corrective actions conducted in the manufacturing 

environment. Therefore, it is crucial, especially for 6-sigma faults, to have a decision-

driven RCA directed toward informing choices by uncertainty quantification of solving 

problems. The OSER methodology provides standard deviation of the predicted process 

parameter distributions 𝝈(�̂�) that quantifies this uncertainty hence, fulfilling 

requirement (v). Although the performance of the OSER with 3D CNN and OSER with 

Bayesian 3D CNN models are similar, the latter can quantify and segregate the aleatoric 

and epistemic uncertainty while estimating the process parameters. Demonstration of 

the capability of the model in quantifying the uncertainty on unseen samples is done by 

evaluation on 500 samples within the training range [-1 mm, 1 mm] and 500 samples 

outside of the training range [-2 mm, 2 mm]. The standard deviation across all 

observations has been averaged and compared for each process parameter 𝑦1, … , 𝑦6 . 

Results are shown in Fig.  3.11. Fig.  3.12 represents the process parameter distribution 

for within-training, and out-of-training range prediction, the prediction standard 

deviation for the out-of-training sample is comparatively higher. The uncertainty is 

caused due to the non-linear impact of various process parameters in the output point 

cloud data. To further validate the model’s capability to quantify uncertainty, the model 

is given as input out-of-distribution (OoD) samples from a different case study. The 

model is able to exhibit that it has not been trained for this case study by providing 
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uncertainty estimates approximately comparable to the error when estimating process 

parameters by random guessing.  Additionally, the epistemic uncertainty estimates 

enable closed-loop training to reduce overall training time. 

2. OSER vs approaches at design phase when NO point cloud data is available 

– In manufacturing environments, the availability of a comprehensive dataset inclusive 

of all fault scenarios is not feasible, hence augmenting the dataset with high-fidelity 

multi-physics simulation enables training and deployment of deep learning approaches 

during the design phase of a new product/production system introduction. Given that 

the proposed OSER approach transforms the simulation mesh nodes output and scanned 

point cloud output to the same voxelized shape error compatible with 3D CNN, it 

enables this integration, hence fulfilling Requirement (vi).  This provides the capability 

to model and simulate the assembly process and conduct system diagnosability and 

resilience analysis. Currently, no approaches providing this capability for object shaper 

error RCA at the design phase. 

 
Fig.  3.11. Process Parameters Distribution Standard Deviations 
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Fig.  3.12. Process parameter distributions 

Left: Process parameter distribution histogram for within-training range sample for 𝑦1 

(𝐴𝑐𝑡𝑢𝑎𝑙 𝑉𝑎𝑙𝑢𝑒 =  − 0.16); Right: Process parameter distribution histogram for out-of-

training range sample for 𝑦1 (𝐴𝑐𝑡𝑢𝑎𝑙 𝑉𝑎𝑙𝑢𝑒 =  −1.23), Note Red line: actual value; Green 

line: predictive mean; Blue lines: 95% confidence estimates assuming normally distributed 

predictive posterior. 

 

3.5 Conclusions 

This chapter presented an Object Shape Error Response (OSER) approach which is 

relevant to manufacturing industries where dimensional and geometric variations can 

be quantified as object shape errors. This is also relevant to robotics, computer-aided 

detection, stamping, machining, and additive manufacturing. RCA of dimensional 

variations for these applications translates to estimating object shape error patterns and 

relating them to process parameters. The proposed approach leverages a Bayesian 3D 

CNN model trained within a closed-loop framework using a multi-physics simulation 

(VRM) model to estimate shape errors and relate them to process parameters while 

quantifying uncertainty. This can then be deployed on physical data collected from 3D 

surface scanners, thereby, enabling more effective and efficient decision-making to 

control and correct manufacturing systems. The approach is benchmarked against state-

of-the-art assembly RCA models and other machine learning models to highlight 

statistically significantly better model performance while fulfilling the manufacturing 

system design requirements. Leveraging such automated RCA models ensures early 

estimation and elimination of process variations before they become defects, improving 

the quality and productivity of the system by reducing scrap and machine downtime. 

This also eliminates the need for trial and error approaches for root causes analysis, 

often ineffective and inefficient. 
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4 Root Cause Analysis of Multi-

Station Assembly Systems with 

Non-Ideal Compliant Parts 

using Bayesian 3D U-Nets2  

4.1 Introduction 

As shown in Chapter 3, the Bayesian 3D CNN approach of the OSER kernel effectively 

estimates sources of object shape error within single-station assembly systems. This 

chapter further proposes the novel OSER-MAS kernel to firstly localize assembly 

stations at fault, and further isolate RCs of dimensional and geometric product shape 

errors for multi-station assembly systems. The proposed OSER-MAS approach 

leverages Bayesian 3D U-Net based CNN architecture and is integrated with CAE 

simulations. The previously proposed 3D CNN architecture in OSER could estimate 

real-valued process parameters enabling it to isolate RCs in single-station assembly 

systems, while the 3D U-Net proposed in OSER-MAS approach can estimate real-

valued and binary process parameters as well as upstream shape errors by using 

multiple output heads. This enables (i) fault localization, (ii) isolation of RCs with 

uncertainty quantification and (iii) learning during the design phase of assembly system 

when no measurement data is available. The approach relates the estimated shape errors 

to three categories of process parameters: (i) incoming parts variation; (ii) place-clamp-

fasten-release (PCFR) assembly cycle; and, (iii) part-to-part contact chain. The 

approach overcomes fundamental limitations of current approaches by (i) addressing 

root cause analysis of dimensional and geometric defects for MAS with non-ideal parts 

using deep learning on point cloud data; and, (ii) providing capabilities to estimate 

upstream shape errors and process parameters.  Benchmarking is done using an 

industrial, automotive cross-member MAS. The kernel fulfils requirements (i)-(vi) 

within the scope of multi-station assembly systems and also fulfils requirements (vii) 

 
2 Based on S. Sinha, P. Franciosa, and D. Ceglarek, " Root Cause Analysis of Multi-Station 

Assembly Systems with Non-Ideal Compliant Parts using Bayesian 3D U-Nets," in review, 

IEEE Transactions on Automation Science and Engineering, 2021.  
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and (viii). The contributions of the chapter can be summarized as follows: 

(1) Propose a novel Bayesian 3D U-Net Architecture with a probabilistic encoder, an 

attention-based decoder and multiple output heads that enable simultaneous 

estimation of (i) object shape error components of upstream shape errors, (ii) real-

valued process parameters and (iii) binary process parameters. This serves as the 

critical capability to enable RCA of MAS. 

(2) Propose a novel methodology for RCA of MAS using the outputs of the Bayesian 

3D U-net to sequentially perform (i) fault isolation, (ii) fault localization and (iii) 

fault identification. 

(3) Verify and validate the methodology by (i) linking the deep learning architecture 

with requirements of RC isolation in MAS; and (ii) implementing it on an industrial, 

automotive cross member assembly consisting of three stations, 25 binary and 123 

real-valued process parameters and four non-ideal parts using a closed-loop training 

approach that leverages a CAE simulator known as VRM [6].  

(4) Benchmark the proposed methodology against (i) current state-of-the-art RCA 

models; (ii) traditional machine learning models in a multi-output regression or 

classification settings; and (iii) state-of-the-art deep learning models used for image 

segmentation on three levels, namely (i) Process Parameter Estimation; (ii) 

Uncertainty Quantification; and, (iii) Object Shape Error Estimation to highlight 

the ability to fulfil the aforementioned eight requirements. 

The rest of the chapter is organized as follows; Section 4.2 formulates the object shape 

error estimation problem for multi-station assembly systems; Section 4.3 discusses the 

Bayesian 3D U-Net architecture and the overall closed-loop framework required to train 

and deploy the model;  Section 4.4 presents the industrial case study, and finally, 

conclusions are summarized in Section 4.5. 

4.2 Problem Formulation 

Multistage manufacturing systems (Fig.  4.1) with a single assembly station have been 

represented as state-space models in Chapter 3. Each stage corresponds to operations, 

namely positioning, clamping, fastening and release (PCFR) (Fig.  4.1a).  On the other 
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hand, MAS can be considered a process tree consisting of multiple interconnected 

stations (Fig.  4.1b). The process tree consists of a set of upstream station and the final 

station after which data is collected. The input to each station is a set of incoming parts 

(objects) that need to be assembled. Shape errors within the objects can be induced due 

to variation in any process parameter(s) within the upstream stations [51] and are 

propagated through the process tree to the final station. 

 

Fig. 4.1a.  An assembly station with PCFR stages 

 

Fig. 4.1b.  Process tree for multi-station assembly systems 

Fig.  4.1. Multi-station assembly system 

Previously the formulation of object shape error propagation in single station 

(multistage) assembly has been proposed in Chapter 3 that represents shape error 𝒙𝒐
𝒔  for 

object o after stage s as: 
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 𝒙𝒐
𝒔 = (𝑷𝒐

𝒔 , 𝒅𝒐
𝒔) (4.1) 

Where 𝑷𝒐
𝒔  represents set of nominal points and 𝒅𝒐

𝒔  represents the three components (x, 

y and z) of shape error for each nominal point.  

As the goal of this chapter is RCA for MAS, the chapter extends the problem 

formulation for single station assembly systems by considering multiple stations. 

Stations are represented by s: s= 1,… ,𝑁𝑠, where 𝑁𝑠 represents the total number of 

stations within the system, and the previously represented stages are represented as  𝑠:́ 

�́� = 1,2,3,4 as each station has four stages. Hence, for MAS object shape error for 

object 𝑜 after station s and stage �́� can be represented as: 

 𝒙𝒐
𝒔,�́� = (𝑷𝒐

𝒔,�́�, 𝒅𝒐
𝒔,�́� (4.2) 

 𝒙𝒐
𝟎,𝟎

correspond to shape errors from upstream part variations which are also addressed 

as non-ideal part variations [9]. A set of objects (sub-assembly) after stage �́� of station 

𝑠 is represented as (𝒙𝟏
𝒔,�́�, … , 𝒙𝟎

𝒔,�́�). 

Process parameters within a station and stage are represented as 𝒚𝒔,�́�, process 

parameters within a station is represented as 𝒚𝒔, while the entire set of ℎ process 

parameters can be represented as a vector 𝒚. Potentially variation in each process 

parameter is a source of shape error and must be isolated as a root cause. In MAS, these 

process parameters are classified into three categories [191]: (a) Real-valued 

parameters of incoming parts (objects) variation as caused by upstream fabrication 

processes such as stamping, extrusions, etc.; (b) Real-valued process parameters related 

to PCFR stages of each assembly station. They represent any deviation from nominal 

in fixturing/tooling or joining operations; and (c) Binary joining-based process 

parameters in the fastening stage indicate the joint's success. The value is {1} when 

joint is successfully completed or {0} for an unsuccessful joint due to the excessive gap 

between objects to be joined or current failure in the tool. The overall vector of h 

process parameters 𝒚 can be split into a vector of 𝑟 real-valued process parameters 𝒚𝐫  

(category (a) and (b)) and 𝑐 binary process parameters 𝒚𝐜  (category (c)). 
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For RCA of single station assembly systems performing RCA is equivalent to 

estimating process parameters of the station based on the shape error at the end of the 

station. Chapter 3 proposed using a Voxnet [20] based 3D CNN approach to estimate a 

function 𝑓(. ) that could estimate only real-valued process parameters as a function of 

shape error at the end of all stages: 

𝒚𝐫  =  𝑓(𝒙𝒔=𝟒) (4.3) 

In MAS, shape error is propagated through the upstream assembly stations and 

shape error data is collected only at the end of the final station 𝒙𝑠=𝑵𝒔,�́�=4. To perform 

RCA in such scenarios, firstly, the RC(s) must be localized to the originating station, 

followed by which RC(s) can be isolated within the localized station. Hence, to 

comprehensively perform RCA, shape errors for upstream stations [𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4] 

need to be estimated, which enable localization of the station and further binary and 

real-valued process parameters must be estimated to isolate RC(s) within the station. 

Therefore the chapter proposes a Bayesian 3D U-net model which can be trained to 

learn a function 𝑓(. ) that takes as input the combined object shape error at the end of 

the system 𝒙𝑁𝑠,4, i.e., after the final stage of the last station (𝑠 = 𝑁𝑠, �́� = 4), and 

estimates the process parameters across the entire system and the object shape error for 

all objects at the end of the upstream stations: 

[𝒚𝐫 , 𝒚𝐜 , 𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4] =   (𝒙𝑵𝒔,4) (4.4) 

Further, a methodology is proposed that leverages the outputs of 𝑓(. ) to perform RCA. 

4.3 Methods 

4.3.1 3D Object Shape Error Voxelization 

For the application of CNN based models to estimate 𝑓(. ) as in (4.4),  the shape error 

needs to be transformed to a regular structure; hence, the output shape error  𝒙𝒐
𝒔,�́� =

(𝑷𝒐
𝒔,�́�, 𝒅𝒐

𝒔,�́�  is voxelized to voxel grids {𝑽𝒖,𝒗,𝒘} with discrete voxel coordinates (u,v,w) 

in the following way: for all points 𝒑𝒌 = (𝑥𝑘, 𝑦𝑘, 𝑧𝑘) that fall within a voxel grid 



- 70 - 

  

{𝑽𝒖,𝒗,𝒘} the maximum value of 𝒅𝒌 = (�̃�𝑘, �̃�𝑘, �̃�𝑘) across all points mapped to the same 

voxel, characterizes the features of the corresponding voxel grid and is represented as 

{𝑽𝒖,𝒗,𝒘,𝒅}  [20] [192]. Similar processing is done for previous station shape errors 

𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4 that need to be estimated by the U-Net model. As opposed to traditional 

binary image 2D segmentation maps that are generated by U-Net models, the proposed 

model estimates real-valued multi-channel 3D shape error maps for all previous stations 

and all components of object shape error. 

4.3.2 Bayesian Neural Networks 

Given the uncertainties in the system and the availability of only a limited dataset, a 

deterministic estimate of function 𝑓(. ), as shown in (4.4), is not feasible. Therefore, for 

uncertainty quantification, Bayesian learning enabled by variational inference is used 

to learn weight distributions instead of only point estimates. This is realized by using 

Bayes-by-Backprop [164], which integrates backpropagation with variational inference 

[180] to estimate a posterior distribution 𝑞𝜃(𝜔) which is parametrized by 𝜃 over the 

neural network weights based on the pre-specified prior 𝑝(𝜔). The posterior weight 

distribution parameters 𝜃 are obtained by minimizing the variational free energy cost 

function known as the expected lower bound (ELBO). ELBO includes sum of (i) 

Kullback-Leibler (KL) divergence (4.5) which is the divergence between the true 

posterior and its variational approximation, and (ii) negative log-likelihood (NLL) of 

the dataset which measures the goodness-of-fit of the model. 

𝐾𝐿(𝑞𝜃(𝜔)||𝑝(𝜔|𝒙𝒔, 𝒚)) = ∫𝑞𝜃(𝜔) 𝑙𝑜𝑔 𝑞𝜃(𝜔) 𝑝(𝜔|𝒙𝒔, 𝒚)⁄ 𝑑𝜔 (4.5) 

While training in a stochastic manner using a mini-batch of examples, the Flipout [89] 

estimator is used to solve the challenge associated with similarly sampled weights 

within a mini-batch. Flipout achieves ideal variance reduction by sampling weights 

pseudo-independently for each example. 
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4.3.3 Bayesian 3D U-Net Convolutional Architecture 

The Chapter extends encoder-decoder u-net architectures to design an architecture that 

can accurately estimate the outputs for 𝑓(. ) as shown in (4.4) (Fig.  4.2). The 

architecture consists of an encoder, a decoder and two output heads at the encoder's 

end. The encoder consists of four levels (Fig.  4.2). Each encoder level consists of 

down-sampling kernels (Fig.  4.2 left). The first level takes as input the voxelized shape 

error (𝒙𝑵𝒔,4) while subsequent levels take as input the output of the previous level. A 

3D Max pooling is performed within the kernel, which is duplicated to a residual and 

encoding connection. A 3D convolution operation with a filter size of one and a stride 

length of one is performed within the residual connection. Two 3D convolutions (with 

ReLU activations) of filter size three and stride length one are performed within the 

encoding connection. These are further merged using element-wise addition followed 

by ReLU activation. The merged features are then duplicated and given as input into 

the corresponding level decoder and next level encoder. Overall, the encoder enables 

spatial correlation filtering, feature extraction, and non-linear transformations. 

Consecutive levels of the encoder extract more discriminating features from the high-

resolution voxelized shape error input. The discriminative ability of the features 

increases at each consecutive encoder level. The link to the corresponding decoder 

enables transfer of features related to the part geometry, thus, enabling accurate 

estimation of upstream part shape error at the decoder's end. From a MAS engineering 

perspective, the encoder can be considered as a feature extractor that enables the 

synthesis of the MAS, i.e. it extracts the necessary shape error features from the output 

of the MAS that can be leveraged to estimate process parameters and upstream shape 

errors. 

The decoder levels consist of up-sampling kernels (Fig.  4.2 right). Each level 

of the decoder takes two inputs, the encoder input from the corresponding level encoder 

and the decoder input from the previous decoder level. The decoder input is then up-

sampled using upsampling and 3D convolution operations. The operations collectively 

upsample and add necessary detail into the decoder input.  The upsampled features are 

duplicated and sent to the attention gate and feature concatenation layer. The attention 

gate [90] distils features from the corresponding encoder and then generates relevant 
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features that are concatenated with the upsampled features. The concatenated feature 

set is duplicated to the residual connection, and the decoder connection and similar 

operations as in the encoder layer are performed. The decoder output dimension is equal 

to the number of components of shape error multiplied by the number of upstream 

stations, and the voxel granularity of the output is equal to the input size.  Each level of 

the decoder consolidates part geometry features (corresponding encoder input) with the 

shape error features (previous decoder input), enabling accurate estimation of upstream 

shape errors. In the context of object segmentation, the decoder outputs real-valued 

segmentation maps that estimate three components of shape errors for all upstream 

stations. From a MAS engineering perspective, the decoder can be considered as a 

feature consolidator that enables the synthesis of real-valued segmentation maps that 

estimate upstream shape errors (𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4). 

The architecture consists of two output heads at the end of the encoder; one head 

estimates real-valued process parameters 𝒚𝐫  as done in a regression setting, while the 

second head estimates binary process parameters 𝒚𝐜  as done in a classification setting. 

The feature maps at the end of the decoder are given as input to both heads. 3D 

convolution and global-max pooling operations are performed within each head, 

followed by a Dense Flipout layer operation with 64 nodes and ReLU activation. The 

number of regression output nodes in the regression head is equal to the number of real-

valued parameters. The number of classification output nodes is equal to the number of 

binary process parameters. From a MAS engineering perspective, the output-heads can 

be considered enablers for RCA across multiple domains of process parameters, 

including (a) real-valued parameters for non-ideal parts and fixturing/tooling; and (b) 

binary parameters for joining operations. 

The attention gate (Fig.  4.2 right-down)  at each level of the decoder enhances 

the architecture's ability to perform synthesis of MAS. As proposed by Oktay et al. [24], 

the soft-attention mechanism is used between corresponding levels of the encoder and 

decoder. Attention enables the model to be specific to local regions. The attention 

mechanism allows the model to reweight the input features based on a given set of 

features. The mechanism leverages a convolutional layer with the output having the 
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same dimensions as the number of incoming features. The outputs of the network go 

through a sigmoid activation to generate values that lie between 0 and 1 and are known 

as attention weights. These attention weights are multiplied by the input features, which 

reweights the features and helps the model be specific to certain input features. In the 

proposed 3D U-net, the attention weights are generated based on the input from the 

previous decoder level. These are then used to generate attention weights which are 

used to reweight input features coming from the corresponding encoder. This helps the 

model focus on particular parts/subassemblies as the incoming features about the 

geometry of the part/subassembly are reweighted based on the previous level decoder 

features. The attention gate increases model performance as it learns on which 

part/subassembly to focus on to estimate upstream shape errors accurately. From a MAS 

engineering perspective, attention gates improve performance for upstream synthesis 

and provide enhanced and calibrated estimates of upstream shape errors.  Fig.  4.3 

aims to summarize the link between the functionalities of different elements of the 3D 

U-net architecture and the MAS engineering challenges that they fulfil. The residual 

connections also enhance synthesis performance by eliminating the vanishing gradients 

problem using residual [193] or skip connections within down-sampling and 

upsampling kernels, ensuring gradient propagation. Finally, the architecture leverages 

Bayesian layers within the architecture. Flipout [89] layers within the encoder and 

Bayes-by-Backprop [164] which combines backpropagation with variational inference, 

are leveraged for uncertainty quantification. From a MAS engineering perspective, 

uncertainty estimates integrate confidence measures within isolated RC(s) and drive 

costly corrective actions [15]. The previously proposed architecture (Chapter 3) for 

RCA of assembly systems only consisted of an encoder with a regression head limiting 

its application scope to single-station assembly with only real-valued process 

parameters. The proposed architecture includes multiple output heads and a decoder 

that broadens the OSER-MAS approach's application scope to assembly systems with 

multiple stations with both real-valued and binary process parameters.  
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Fig.  4.2. Bayesian 3D U-Net Architecture 

left: down-sampling kernel, right: up-sampling kernel, right-down: attention gate
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Fig.  4.3. Linking Bayesian 3D U-Net with MAS engineering 

4.3.4 Architecture Design Decisions 

The proposed architecture was designed by making key changes to the base architecture 

proposed for 2D biological image segmentation [88], which was later extended for 3D 

images [91] and further incorporated residual connections [194]. The design changes 

were done based on object shape error estimation requirements while accounting for 

standard guidelines of 3D U-Net architecture optimizations. Architecture 

hyperparameter optimization using grid search exhaustively searches for the best set of 

hyperparameters and has high computational costs [195]. Hence, to perform this 

optimization in a computationally feasible manner, critical decisions are taken 

sequentially. The first key decision involved the total depth (Number of levels) 𝑁𝐿 and 

the number of filters in each level : 𝑙 = 1,2… , 𝑁𝐿 . The U-Net standards require the 

number of filters in each level to be constraint at values 2𝐹+𝑙 for the lth level. Grid search 

(Fig.  4.4) was performed for  𝑁𝐿 = {3,4,5} and 𝐹 = {2,3,4} to determine the best 

configuration. 𝑁𝐿 = 4, 𝐹 = 3 gave the best performance (boxed in red) in terms of the 

minimum value of the weighted loss function. The weighted loss function includes the 

losses all the outputs of the network including real-valued (regression) and binary 

process parameters (classification) and upstream shape errors (real-valued 

segmentation) is discussed later in model training. The mathematical formulation of the 

loss function is discussed in Section 4.9. The next decision step involved experimenting 

with the filter size 𝐹𝑠 = {3,5,7}. For computation feasibility, the filter size was kept 

universal across the network. 𝐹𝑠 = 3 gave the best performance given the higher 

resolution and more granular feature extraction due to small filter size. Residual 
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connections were added in each level of the encoder and decoder, this increased 

performance as these help in efficient propagation of gradients in deep networks while 

model training. To further increase performance experimentation was done by adding 

the soft-attention mechanism as proposed by Oktay et al. [90] between corresponding 

levels on the encoder and decoder. The attention approach allows the model to be 

specific to local regions. In the context of shape error estimation of assemblies, this 

helps the model focus on particular parts/subassemblies in each station thereby, 

enabling fault localization. Adding of the attention gate provides a significant increase 

in accuracy of upstream stations shape error estimation [𝑥1,4, … , 𝑥𝑁𝑠−1,4]. The final step 

involved replacing standard layers in the encoder layers with Flipout layers for 

uncertainty quantification. As opposed to [196] which leverages Flipout layers in the 

decoder our architecture uses Flipout layers in the encoder as this enables uncertainty 

quantification for the process parameters that are estimated at the end of the encoder. 

For the regression and classification heads, experiments were done using global average 

pooling and global max pooling. Global Max pooling gave superior performance given 

the ability to extract the most significant feature. After this, the KL penalty for 

uncertainty quantification was added in the loss function as shown in (4.5), and the 

model was trained. Experiments are done with three priors in the Flipout layers, namely, 

standard normal, scale mixture and spike and slab. An uncertainty calibration study that 

involved a comparison of model error and model uncertainty was conducted to ensure 

that the model predicts high uncertainty for samples with high error and vice-versa. 

Standard Normal prior gave the most calibrated uncertainty measure compared to other 

priors and was selected as the prior distribution for all weights in the encoder.  

 
Fig.  4.4. Grid search results for U-Net architecture optimization 

𝑁𝐿 = 4, 𝐹 = 3 (boxed in red) is selected as the best model architecture 
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4.3.5 Closed-Loop Training and Deployment 

Training of the model to estimate posterior distribution parameters (𝜔) of weights and 

biases of 𝑓(. )is done in a closed-loop [191] (discussed in detail in Chapter 5) using data 

generated by VRM. The key motivation behind using a closed-loop framework instead 

of an open-loop framework is to minimize the computational bottleneck of the VRM 

simulator. Although this increases the number of iterations, the overall time of VRM 

simulation and training is significantly reduced as fewer samples need to be generated. 

The key steps of the proposed framework are summarized below (Fig.  4.5):  

Step 1 – Sampling: Closed-loop sampling enables the dynamic and adaptive generation 

of training samples based on the uncertainty and error of the previous iterations while 

ensuring that the sample generation has a degree of randomness to prevent overfitting. 

Initially, Latin Hypercube Sampling (LHS) is used given it distributes samples 

optimally across the ℎ −dimensional process parameter space by stratifying the 

possible ranges. Further sampling is done on the basis of the uncertainty and error of 

the previous iterations while ensuring that the sample generation has a degree of 

randomness to prevent overfitting. 

Step 2 – VRM Simulation: The set of process parameters generated during sampling are 

used as input to the VRM to simulate the assembly process and generate the output 

mesh from which the shape errors are extracted after each desired station of the 

assembly system. 

Step 3 – Model Training and Evaluation: The model is trained using a weighted sum 

of four loss functions to estimate process parameters, shape errors and uncertainty. 

Decriptions i) to iv) summarizes the loss value for each training sample, while training 

all these are averaged across the minibatch: 

i) Negative Log-likelihood for the real-valued process parameters 𝒚𝐫  that are modelled 

using a multivariate normal with a diagonal matrix to quantify aleatoric uncertainty. 

Aleatoric uncertainty (known unknowns) quantifies uncertainty due to factors such as 

noise, while epistemic uncertainty (unknown unknowns)  quantifies uncertainty due to 
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factors such as model structure and limited data availability [192]. 

L1 = 1 2⁄ [ln(|𝚺|) + (𝒚𝐫 − 𝝁)𝑇𝚺−1(𝒚𝐫 − 𝝁) + ℎ ln(2𝜋)] (4.6)   

ii) Binary cross-entropy for the binary process parameters 𝒚𝐜  

 

L2 = 𝒚𝐜 ln 𝒚𝐜 ̂ + (1 − 𝒚𝐜 ) ln(1 − 𝒚𝐜 ̂ (4.7) 

iii) Mean squared error for the decoded object shape error  

L3 = ∑ (𝒙𝒔,𝟒 − �̂�𝒔,𝟒)2

𝑠=1,2,…,𝑁𝑠−1

(4.8) 

iv) KL divergence (L4) as shown in (4.5) for all network weights and biases distribution 

parameters to quantify epistemic uncertainty. The final loss function (𝐿) used while 

training is a weighted sum of all the above-specified loss functions: 

𝐿 = ∑ 𝑤𝑙 ∙ L𝑙4
𝑙=1 (4.9)                             

In usual practice, the values for these weights for the loss function are determined by 

empirical tuning, considering them as hyperparameters for optimization, but this can 

result in the requirement of exhaustive computational budget and time. The paper 

leverages the homoscedastic uncertainty for multi-task learning approach [168]. The 

approach estimates the weights during the training process without the need for any 

manual tuning. The approach aims to quantify the task-based uncertainty depending on 

the data and leverages the uncertainty estimate as the basis for weighting losses in a 

multi-task learning problem. The approach has been shown to provide superior 

performance in multi-task settings involving regression, classification and semantic 

segmentation as compared to performing each task individually. Leveraging this 

approach ensures that extensive fine-tuning of the weights is not required for training 

the model on different MAS. The loss function weights {𝑤1, 𝑤2, 𝑤3} are generated 

using this approach.  Monotonic KL annealing is used for 𝑤4 to ensure that the model 
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first learns the necessary estimation capabilities for the process parameters and 

upstream shape errors before the KL penalty is applied for epistemic uncertainty 

quantification. This also stabilizes the training process. Adam optimizer [185] is used 

for training, and exponential decay of the learning rate is applied. A Minibatch size of 

32 is used, and the model is trained for 300 epochs. Group normalization [183] with 

four groups is used after each convolutional layer. This prevents overfitting and 

accounts for small minibatch size due to GPU memory size constraints and aids in 

stabilizing the training process.  

After each iteration of training, the model is evaluated on the validation set. For 

evaluation, Monte Carlo (MC) sampling from the model is done, and the sample means 

�̅� and standard deviations 𝝈(�̂�) are estimated for all real-valued and binary process 

parameters. 𝝈(�̂�) represents the epistemic uncertainty, while the fixed scale parameters 

of the predictive distribution for real-valued process parameters represent the known 

aleatoric uncertainty [36]. Given the assumption of negligible measurement noise, 

aleatoric uncertainty is considered to be negligible, and hence, the overall uncertainty 

in the prediction can be assumed to be equal to epistemic uncertainty 𝝈(�̂�). Similarly, 

means �̂�𝒔,�́� and standard deviations 𝝈(�̂�𝒔,�́�) of all object shape errors at upstream 

stations are calculated. The model is trained until the error is below the set threshold. 

The thresholds are set based on assembly requirements. For example, in the automotive 

body assembly process, the threshold is set considering tolerances within [-1mm,1mm]. 

The 3D optical scanner used has a repeatability of 0.05 mm and accuracy within 0.15 

mm. During training, the object shape errors' uncertainty is estimated but is not 

considered for sampling as the VRM requires process parameters as input. 

Final evaluation and comparison for all model outputs are made using the 

known actual values and the estimated means. Real-valued process parameters are 

evaluated on Mean Absolute Error (MAE) and R-squared (R2). Binary process 

parameters are evaluated on Accuracy and Receiving Operating Characteristics – Area 

Under Curve (ROC-AUC). Given object shape errors are real-valued, they are also 

evaluated on MAE, R2 and Root Mean Squared Error (RMSE). 
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Step 4 – Model Deployment: After training, the model can be deployed for an existing 

system. The product shape data  is collected from the 3D scanner after the final station, 

and then the data is aligned to obtain the final shape error  𝒙𝒐
𝒔,�́� = (𝑷𝒐

𝒔,�́�, 𝒅𝒐
𝒔,�́�  and finally, 

voxelized 𝑽𝒖,𝒗,𝒘,𝒅 before it can be given to the trained model for estimating process 

parameters and shape error from all upstream stations. Inferencing estimates the process 

parameters and shape errors for a given  𝒙𝒐
𝒔,�́�

 using MC sampling from the trained 

model. Using these samples, process parameters (distribution mean) �̅� and their 

uncertainty (distribution standard deviation) 𝝈(�̂�) can be estimated. The sample mean 

�̅� is considered as the model estimate �̂�, while 𝝈(�̂�) quantifies the uncertainty. 

Similarly, �̂�𝒔,�́�  estimates the shape error and 𝝈(�̂�𝒔,�́�) the uncertainty in the estimated 

shape error. Further, fault localization and RCA can be done using these estimates. The 

work has been implemented using Python 3.7 and TensorFlow - GPU 2.1 [186] and 

TensorFlow Probability 0.9. A python library [187] has been developed to validate and 

replicate the results of the methodology. Both the data generation and evaluation of the 

OSER-MAS methodology have been done using VRM. Two Nvidia Tesla V100 32 GB 

GPUs are used for model training and deployment. 

 
Fig.  4.5. Closed-loop training and deployment with RCA 

For this Chapter, both the data generation and evaluation of the OSER-MAS 

methodology have been done using VRM. Although the VRM has been previously 
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verified and validated for the simulation of assembly systems, constraints in the 

computational budget might inversely hamper the data quality due to modelling 

assumptions such as mesh granularity and boundary conditions. In such situations, the 

data generated might not be representative of a physical assembly system. Uncertainty 

quantification (req. (v)) capability is crucial for the recognition of such situations as the 

model will indicate high uncertainty when the distribution of the physical data is 

different from the VRM data used while training. In such situations, the model should 

be fine-tuned using data collected from the physical MAS. The Bayesian nature of the 

proposed architecture enables effective fine-tuning using uncertainty-guided continual 

learning and ensures that the model can be continually adapted to changes in the MAS 

while minimizing catastrophic forgetting (discussed in detail in Chapter 5). 

4.3.6 Root Cause Analysis 

After model deployment, the measured point cloud data [𝒙𝑵𝒔,4] and the estimates of the 

model  [𝒚𝐫 , 𝒚𝐜 , 𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4]  are leveraged to perform RCA for MAS. Building on 

previous RCA models that leveraged point-based measurement systems [197],  the 

chapter proposes three key steps, namely: (i) fault identification; (ii) fault localization; 

and, (iii) fault isolation. The proposed approach in Fig.  4.5 can be leveraged to estimate 

single or multiple faults within the MAS. 

(i) Fault Identification: The first is identifying if the MAS is at fault. In practice, all 

systems are at fault due to inherent variations and tolerances. Significant faults are 

identified by analysing the output [𝒙𝑵𝒔,4] of the MAS. Two approaches can be 

leveraged, namely: (a) Threshold approach: In this approach, a fault is identified if the 

measured point cloud is beyond a particular a set threshold. The thresholds are 

determined based on the tolerance limits of the assembled products. This approach is 

prone to false alarms as a single outlier in the output may indicate faults even when the 

no process parameter within the MAS is at fault. (b) Six-sigma approach: In this 

approach, a fault is identified by analyzing the statistics of a sample of assembled 

products. The mean and variance of the output (𝒙𝑵𝒔,4)  for a sample of products is 

calculated, a mean shift or a change in variance (heteroskedasticity) can be identified 

as a fault based on the significance level used. This approach is robust to outliers and 
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can be leveraged for continuous improvement of the system. 

(ii) Fault Localization: If the MAS has been identified at fault, the estimates of the 

upstream shape errors  [𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4]  as obtained from the deployed model can be 

leveraged to localize stations within the MAS at fault. This entails identifying particular 

stations within the MAS process tree within which the object(s) (sub-assemblies) shape 

error becomes significant. The shape error estimates [𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4]  for all objects 

𝑜: 𝑜 = 1,… , 𝑛, are compared with the design nominal. If the shape error for the objects 

within the station exceeds the threshold (sub-assembly tolerances) at the end of a station 

but within the threshold for the previous upstream station, then the fault is localized to 

that particular station for the corresponding station and object. This is done for all 

stations. The set of localized stations at fault is denoted as 𝒔𝑭. Table 4.1 summarizes 

the steps used to localize assembly stations at fault. Using the proposed bottom-up 

approach ensures that the fault is localized to the originating station. This is crucial as 

MAS involve re-orientation/re-positioning of objects between stations [51] [197]. 

Localizing using a bottom-up approach ensures that the station within which the fault 

originated is localized before the object was re-oriented in later stations. 

Table 4.1. Fault Localization 

 

Algorithm 4.1: Fault Localization 

Procedure: 

   List of localization stations: 𝒔𝑭 = {} 
    Repeat for all stations i=0 to 𝑵𝒔: 

         Compare 𝒙𝒊,4 to nominal design 

         Compare 𝒙𝒊+𝟏,4 to nominal design 

          If: 𝒙𝒊,4 within tolerance and 𝒙𝒊+𝟏,4 is beyond tolerance 

               Localize station 𝑠 = 𝑖 + 1 

               𝒔𝑭 ← 𝒔𝑭 ∪ {𝑠 = 𝑖 + 1} 

(iii) Fault Isolation: Fault isolation involves isolating which process parameters within 

localization stations 𝒔𝑭 are root causes and have a significant impact on the shape error 

of the final object (product). The set of process parameters (denoted a 𝒚𝒔=𝑺𝑭) that lie 

within the localized stations 𝒔𝑭  are compared with the assembly process tolerances and 

isolated as RCs if they fulfil the below criteria (𝑅𝐶𝜅): (a) All real-valued process 

parameters 𝒚𝐫  within the set of localized process parameters 𝒚𝒔=𝑺𝑭 that are beyond the 
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assembly process tolerances are isolated as RCs. (b) All binary process parameters 𝒚𝐜  

within the localized stations that are estimated as failed (e.g. for joining tool failure 

𝒚𝐜 = 0) are isolated as RCs. Overall RCs can be denoted as a subset of process 

parameters within localized stations that: 

𝑹𝑪𝜅 ⊆  𝒚𝒔=𝑺𝑭  (4.10) 

Within fault isolation, it is also crucial to consider the uncertainty of the process 

parameters 𝝈(�̂�) isolated as RCs drive costly corrective actions. High values of 

uncertainty indicate the trained model is not confident about the process parameter 

estimates, which may be due to noise in the measurement systems (aleatoric 

uncertainty) or lack of similar instances within the training set (epistemic uncertainty) 

[15]. In such scenarios, it is crucial to consider expert system knowledge to get 

conclusive insights about the isolated RCs 

The OSER-MAS methods, requirements, MAS application and assumptions are 

summarized in Table 4.2.  The overall framework of OSER-MAS inclusive of closed-

loop sampling, training and deployment and the RCA framework that leverages the 

outputs of the trained model to perform fault identification, fault localization and fault 

isolation is summarized in Fig.  4.5. In real-life applications, all process parameters 

within MAS have an inherent level of variation.  The proposed approach for RCA using 

the estimates of the proposed architecture is crucial in differentiating benign faults 

(have no significant impact on the product shape error) from malignant faults (cause 

product shape error to go beyond assembly thresholds).  

Another key consideration for RCA is the existence of a unique set of  RCs. 

Given the high dimensional process parameter space, multiple shape error patterns may 

be caused by different combinations of RCs (known as collinear RCs [15]). Such 

scenarios will be very limited in the proposed approach. The input voxelized object 

shape error data is highly granular; hence, scenarios of different RCs giving the same 

voxelized object shape error are unlikely to happen. 3D CNN based approaches that 

leverage granular voxelized point cloud data have been shown to have high 

discriminative ability for various collinear RCs given the 3D deep learning capabilities 
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[15]. This contrasts with previously proposed statistical approaches that used simplified 

representations such as a vector of surface points or sensor readings (low granularity), 

leading to frequent scenarios when different RCs resulted in the same vector output. 

Additionally, uncertainty quantification enables the identification of such scenarios as 

a single shape error caused by multiple RCs would lead to RC distributions that are 

multi-modal or have high variance. During such scenarios, engineering expertise can 

be applied to isolate RCs accurately. 

Table 4.2.  OSER-MAS methods, application and assumptions 

OSER-MAS method Requirement MAS Application Assumption 

3D object shape error 

voxelization 

(i) High data 

dimensionality 

Enables processing of 3D 

object shape error 

Availability of point cloud 

data 

Encoder 

(ii) non-linearity, (iii) 

collinearities, (iv) high 

faults multiplicity 

Incorporates capabilities for 

handling the non-linearity 

and interactions due to 

multiple stages and stations 

within MAS 

Sufficient discriminative 

information within the 

incoming point cloud data 

and sufficient modelling 

capabilities within the 

architecture 

Bayesian model 
(v) Uncertainty 

quantification 

Enables uncertainty 

qualification for isolated RC 

for costly corrective action 

and enabling closed-loop 

sampling 

Ability of bayes-by-

backprop and Flipout to 

model uncertainty using a 

normal distribution as prior 

for each model parameter 

Closed-loop sampling 
(vi) Dual data 

generation capabilities 

Enables training of the 

proposed model using a 

closed-loop framework that 

generates samples based on 

uncertainty 

Ability of VRM (CAE 

simulator) to simulate data 

that is close to a physical 

MAS  

Multiple output heads 

(vii) High 

dimensionality and 

heterogeneity 

Enables estimation of real-

valued and categorical RCs 

across part variations, 

fixturing and joining 

Process parameters are 

either real-valued or binary 

Decoder with attention gate 
(viii) Fault localization 

for RCA 

Enables estimation of 

upstream shape error 

required to localize faulty 

stations to enable RCA 

Sufficient modelling 

capabilities within the 

decoder architecture and 

the soft attention 

mechanism 

RCA framework 

Fault identification, 

fault localization and 

fault isolation 

Leverages the process 

parameter and upstream 

shape error estimates to 

perform RCA 

Six sigma indicators 

sufficient for fault 

identification 

4.4 Case Study 

4.4.1 Multi-Station Assembly Setup 

The selected cross member assembly consists of 𝑁𝑠 = 3 stations and 𝑛 = 4 non-ideal 

compliant parts, namely, pocket, pocket reinforcement, cross member and cross 

member reinforcement (Fig.  4.6). The assembly is controlled by ℎ = 148 process 
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parameters (Fig.  4.7) 𝒚 including 123 real-valued parameters 𝒚𝐫  and 25 binary 

parameters 𝒚𝐜 . Table 4.3 summarizes the process parameter and their physical 

interpretation corresponding to the root causes of the multi-station assembly system. 

11875 points characterize the point cloud of the final assembly. Shape error data is 

collected at the end of all three stations 𝒙1,4, 𝒙2,4, 𝒙3,4. The shape error after the final 

station (𝒙3,4) is used as input while the process parameters 𝒚 and upstream stations 

shape errors 𝒙1,4, 𝒙2,4 are used as output. Before training all shape errors are pre-

processed and voxelized to (𝑢, 𝑣, 𝑤, 𝑑) = (64,64,64,3) voxel grids 𝑽𝟔𝟒,𝟔𝟒,𝟔𝟒,𝟑. The 

deviation features 𝒅 include deviations in all directions for all points (�̃�𝑘, �̃�𝑘, �̃�𝑘). For 

this particular case, the model has 123 output nodes in the regression head, 25 output 

nodes in the classification head, and decoder outputs shape errors with 

dimension (64,64,64,6), corresponding to the shape errors at the end of two upstream 

stations. The training range for all real-valued process parameters is [- 1 mm, 1 mm]  

during the validation and testing range is [-2 mm, 2 mm].  

 
Fig.  4.6. Cross-member assembly system configuration 
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Fig.  4.7. Cross-member assembly process parameters 
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In summary, the industrial assembly process selected for case study consists of: 

(i) high dimensionality point cloud (11875  points); (ii) non-linearity induced by 

fixturing (N-2-1, N=6,9,7 for station 1, 2 and 3 respectively), transfer between stations, 

four non-ideal compliant parts and part-to-part interactions; (iii) collinearity induced by 

fixturing and re-orientation between the three stations; (iv) high fault multiplicity as 6-

sigma defects are considered at the level of variation within 3D scanner accuracy (<0.05 

mm) that significantly increases fault multiplicity from zero to 148 process parameters 

manifesting errors (100% fault multiplicity); (v) requirement for uncertainty 

quantification as the isolated root causes will drive costly corrective actions in high 

volume automotive manufacturing systems; (vi) requirement for dual data generation 

as a comprehensive real dataset of all possible root cause scenarios is not possible; (vii) 

high dimensional and heterogeneous set of process parameters as the assembly system 

consists of 123 real-valued and 25 binary process parameters; and, (viii) fault 

localization as the multi-station system requires estimation of shape error at the end of 

stations one and two to perform RCA.  

Table 4.3: Process Parameters Description 

Process Parameters Interpretation of Root Causes in MAS 

Part variation 

parameters 

𝒚𝟏, … , 𝒚𝟔 

6 real-valued 

(𝒚𝒓 ) 
(substance)  

These are root causes (RCs) caused by parameters 

variations of upstream fabrication process(es) such as 

stamping, etc. The process parameters have been 

consolidated to represent global variation patterns such 

as bending and twisting; and local deformations such 

as dents and wrinkles in the incoming parts 𝒙𝟎,𝟎. 

Placement (P) 

parameters 

𝒚𝟕, … , 𝒚𝟏𝟓  

9 real-valued 

(𝒚𝒓 )  
(infrastructure)  

These are RCs represented by part placement errors 

(orientation/reorientation, stability).  These RCs are 

caused by tooling installation and calibration error or 

tooling deterioration due to gradual worn out of fixture 

locators (pin-hole, pin-slot, NC block). Each station 

has three real-valued positioning process parameters. 

Clamping (C), 

fastening (F) 

parameters 

𝒚𝟏𝟔, … , 𝒚𝟏𝟐𝟑 

108 real-valued 

(𝒚𝒓 )  
(infrastructure)  

These are RCs caused by misalignment of clamps or 

fastening tools. Each has three real-valued parameters 

quantifying misalignment in x,y and z-direction. 

Fastening/Joining 

(F) parameters 

𝒚𝟏𝟐𝟒, … , 𝒚𝟏𝟒𝟖 

25 binary (𝒚𝒄 ) 
(infrastructure)  

These are RCs caused by failure of achieving quality 

joint due to excessive gap (> 1 mm). 
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Model training is started with 5000 initial samples, 1000 samples are adaptively 

added during each iteration of the closed-loop training based on the uncertainty 

estimates, and the model is trained on the combined dataset including all previous 

samplings to ensure that there is no catastrophic forgetting. The diagonal scale 

parameters for all process parameters in the covariance matrix are fixed at 0.005, 

assuming a fixed level of noise hence, constant aleatoric uncertainty. A validation set 

of 300 samples is generated. After each iteration, the trained model is evaluated on the 

validation set. During evaluation for each of 300 samples, 100 MC samples are drawn 

from the trained model. The sample means are considered the estimate for the process 

parameters, while the sample Inter-Quartile Range (IQR) quantifies the epistemic 

uncertainty. The closed-loop training is stopped when the average MAE across all real-

valued process parameters for the validation set is below the threshold, which is 

selected to be 0.3 mm and the accuracy of all binary process parameters is above 90%. 

Overall, ten trials are done for comparison of performance across all the requirements. 

The results and convergence of the closed-loop training are shown in Fig.  4.8. 

 
Fig.  4.8. Model results and convergence 

4.4.2 Interactions 

The above-mentioned requirements and the proposed solutions have various levels of 

interaction and hence, can be aggregated to understand the tradeoff between the 

proposed solutions further and conduct effective benchmarking for one or multiple 

requirements collectively. Requirement (i) drives to build an input data structure that 

can effectively retain all information regarding the object geometry and components of 

shape error. 3D Shape error voxelization retains all such information and also enables 
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convolution operations by building a regular 3D structure. Using simpler data 

structures, dimensionality reduction or downsampling points will negatively affect 

performance for requirements (ii), (iii), (iv) and (vii) as the global geometry information 

and local shape error granularity will be reduced. Requirements (ii), (iii), (iv) and (vii) 

can be collectively considered as an indicator of the complexity of the MAS. Complex 

MASs with more stations and process parameters will have higher non-linearity, 

collinearity and possible fault multiplicity within the system. Hence, benchmarking for 

all these requirements are done collectively as process parameter estimation 

capabilities against various machine/deep learning approaches used for regression and 

classification. Requirement (v) enables quantifying the uncertainties and is fulfilled 

using probabilistic weights in the network. The quality of the uncertainty estimates 

(calibration) is directly affected by MAS complexity, an increase in the number of 

process parameters increases uncertainty within various estimation ranges. 

Benchmarking for requirement (v) is done as Uncertainty Quantification for different 

prior distributions assuming the total number of process parameters are fixed. 

Benchmarking for requirement (vi) is done by comparing the number of samples 

required for convergence for each methodology. Finally, benchmarking for requirement 

(vii) that aims to estimate upstream shape errors is done as Object Shape Error 

Estimation against deep learning methods used for segmentation.  

4.4.3 Benchmarking: Process Parameter Estimation 

Process parameter estimation capabilities are benchmarked considering requirements 

(i) to (vii) against three categories of methods specifically, (1) CNN based Deep 

Learning approaches; (2) Traditional Machine Learning approaches in a multi-output 

regression or classification setting; and (3) currently used linear approaches. The results 

of the benchmarking are summarized in Table 4.4. Comparison for requirement (i) is 

done based on the data preprocessing technique used to handle the point cloud data 

dimensionality. Shape error voxelization retains information of the 3D structure and 

shape error features, while projection retains only 2D spatial structure. Flattening 

eliminates all information related to the spatial structure, while PCA also eliminates 

information explaining 1% of the variance. Comparison for requirements (ii), (iii), (iv) 

and (vii) are done on regression performance attributes, namely, accuracy (MAE) and
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 Table 4.4: Benchmarking: Process Parameter Estimation 

  Requirement (i) Requirements (ii),(iii),(iv) and (vii) Req. (v) Requirement (vi) 

 Models  
MAE 

𝑦𝑟 
𝑹𝟐 
𝑦𝑟 

Accuracy 
𝑦𝑐 

AUC-

ROC 
𝑦𝑐 

Uncertainty 

Estimates 
Samples CAE Simulation 

Time 

(minutes) 

Training 

Time 

(minutes) 

Total 

Time 

(minutes) 
Mean SD Mean SD Mean SD Mean SD   

Proposed 

OSER-MAS 

(Bayesian 3D U-Net) 
3D Shape Error Voxelization 0.32 0.04 0.94 0.03 0.92 0.02 0.88 0.01 

Standard Normal 
prior 

(corr. = 0.99) 

Closed-
loop   

(15000) 

54000 1865 55865 

OSER-MAS 

(3D U-Net) 
3D Shape Error Voxelization 0.32 0.01 0.94 0.02 0.91 0.01 0.87 0.01 No 30000 108000 1782 109782 

Bayesian Deep 

Learning 

OSER 

(Bayesian 3D CNN) 
3D Shape Error Voxelization 0.35 0.05 0.91 0.03 0.88 0.01 0.84 0.02 

Standard Normal 

prior 
(corr. = 0.91) 

Closed-

loop    
(16000) 

57600 1802 59402 

Deep Learning 

PV CNN [114] 3D Shape Error Voxelization 0.36 0.02 0.90 0.03 0.86 0.01 0.81 0.03 No 30000 108000 1389 109389 

Pointnet++[198] 
Uniformly downsampled set of 

points 
0.37 0.01 0.91 0.04 0.84 0.02 0.80 0.02 No 30000 108000 1389 109389 

Multi-View 2D [190] 

CNNs (MV-CNNs) 
6 face projection and 2D gridding 0.41 0.03 0.88 0.02 0.81 0.01 0.78 0.01 No 30000 108000 1389 109389 

Depth Based 2D 

CNNs [130] 
1 face projection and 2D gridding 0.45 0.03 0.85 0.03 0.80 0.02 0.77 0.02 No 30000 108000 1321 109321 

Sparse Deep Neural 

Networks [199] 
Flattening 0.62 0.02 0.78 0.01 0.78 0.03 0.65 0.03 No 30000 108000 1445 109445 

Machine 

Learning 

 Boosted Trees PCA 0.57 0.02 0.79 0.01 0.75 0.02 0.67 0.02 No 20000 72000 488 72488 

Random Forests PCA 0.63 0.03 0.65 0.02 0.71 0.02 0.61 0.01 No 20000 72000 468 72468 

SVM/SVR PCA 0.78 0.04 0.59 0.02 0.68 0.03 0.59 0.04 No 20000 72000 425 72425 

Linear 

Approaches 

Reg. Linear/Logistic 

Regression 
PCA 0.81 0.01 0.58 0.01 0.65 0.02 0.62 0.01 No 20000 72000 58 72058 



- 91 - 

  

goodness-of-fit (𝑅2) for 𝑦𝑟 ; and, classification performance metrics, namely, accuracy 

and AUC-ROC. Comparison for requirement (v) is done on the ability to quantify and 

segregate uncertainties. Lastly, a comparison for requirement (vi) is done on overall 

training time inclusive of the CAE simulation time and model training time. The OSER-

MAS is able to perform better compared to all models. The OSER model also provides 

good results for these requirements as they overlap for single- and multi-station 

assembly systems. A two-sample t-test at 95% significance between the OSER-MAS 

and OSER model for metrics, namely 𝑅2 (𝑝 = 0.03) and AUC-ROC (𝑝 = 0.01)  

demonstrates that the performance of the proposed OSER-MAS model is statistically 

significant 

4.4.4 Benchmarking: Uncertainty Quantification 

Benchmarking for quality of uncertainty estimates, i.e. requirement (v), is done using 

an error vs uncertainty calibration curve. RMSE is used as the error metric, and Inter-

Quartile-Range (IQR) is used as the uncertainty metric given the non-normal nature of 

the estimated distributions. The RMSE for all observations between two consecutive 

thresholds is averaged. The correlation between the IQR and RMSE is also compared.  

Four priors for the weights and biases are considered: Standard Normal, Two Mixture 

GMM, Slab-Spike and Bernoulli. The Bernoulli prior method for uncertainty 

quantification is also known Monte Carlo (MC) dropout [44] and leverages dropout for 

approximate Bayesian inference.    

As shown in Fig.  4.9, Standard Normal gives the most calibrated estimates for 

uncertainty with a correlation of 0.99.  Both the OSER-MAS and OSER use standard 

normal priors, but given the Voxnet based 3D CNN architecture of the OSER approach, 

the correlation between IQR and RMSE is limited to 0.91, hence demonstrating the 

capability of the OSER-MAS model to provide more calibrated uncertainty estimates. 
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Fig.  4.9. Error (RMSE) vs uncertainty (IQR) comparison 

4.4.5 Benchmarking: Object Shape Error Estimation 

Benchmarking for requirement (viii), i.e., object shape error estimation for previous 

assembly stations, is done against other variants of  3D U-Nets and state-of-the-art 

methods used for semantic segmentation such as fully convolutional networks (FCN) 

[200], U-Net++, SegNet and DeepLab. Methods other than U-Net based approaches 

use a 2D projection and a VGG [201] based feature extractor. Given that shape errors 

are real-valued, regression-based metrics RMSE, MAE and 𝑅2 are used to compare 

performance and have been summarized in Table 4.5. The proposed model performs 

better in shape error estimation than others given the attention link between 

corresponding levels of the encoder and decoder, which allows the model to be 

particular to parts/subassemblies within upstream shape errors.  

Table 4.5: Benchmarking: Object Shape Error Estimation 
 Requirement (viii) 𝒙𝟏,𝟒, 𝒙𝟐,𝟒  

Models 
RMSE (mm) MAE (mm) 𝑹𝟐 

Parameters 
Mean SD Mean SD Mean SD 

OSER-MAS 

(3D Attention U-Net) 
0.014 0.005 0.002 0.001 0.96 0.1 2.4 M 

U-Net ++ [202] 0.21 0.02 0.09 0.03 0.93 0.1 1.8 M 

3D U-Net without 

attention [194] 
0.25 0.01 0.15 0.02 0.91 0.2 1.5 M 

SegNet [203] 0.31 0.01 0.21 0.02 0.88 0.1 1.5M 

DeepLab [204] 0.38 0.02 0.25 0.03 0.86 0.1 20.5M 

Fully Convolutional 

Networks (FCN) [200]  
0.44 0.02 0.33 0.03 0.84 0.3 1.6M 
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Additionally, a comparison between OSER and OSER-MAS kernels in terms of 

methodology capabilities and performance is summarized in Table 4.6. 

Table 4.6: Comparison of OSER (Chapter 3) & OSER-MAS  

 

Requirements 

Methodology Performance 

OSER OSER-MAS OSER OSER-MAS 

(i) high data 

dimensionality 

3D Shape 

Error 

Voxelization 

3D Shape 

Error 

Voxelization 

(64*64*64*3) – 

voxels with shape 

error components 

(64*64*64*3) – 

voxels with shape 

error components 

(ii) non-linearity 
Voxnet based 

CNN 

architecture 

3D U-Net 

based CNN 

architecture 

𝑀𝐴𝐸 = 0.32 𝑚𝑚 

𝑅2 = 0.94 

83 % fault 

multiplicity 

𝑀𝐴𝐸 = 0.34 𝑚𝑚 

𝑅2 = 0.91 

100 % fault 

multiplicity 

(iii) collinearities 

(iv) high faults 

multiplicity 

(v) uncertainty 

quantification 

Bayes-by-

backprop and 

Flipout 

Bayes-by-

backprop and 

Flipout 

Calibration 

correlation =
 0.91 

Calibration 

correlation =
0.99 

(vi) dual data 

generation 

capabilities 

Uncertainty 

based 

sampling from 

CAE 

Simulation 

Uncertainty 

based 

sampling from 

CAE 

Simulation 

15000 samples 

for convergence 

16000 samples 

for convergence 

(vii) High 

Dimensionality 

and heterogeneity 

of process 

parameters 

 Single 

output head 

to estimate 

real-valued 

parameters 

Multiple 

output heads 

to estimate 

real-valued 

and binary 

process 

parameters 

N/A 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦
= 0.92 

𝐴𝑈𝐶 − 𝑅𝑂𝐶 
= 0.88 

(viii) Fault 

Localization for 

RCA 

(Required for 

RCA of MAS) 

No 
Attention-

based decoder 
N/A 

𝑅𝑀𝑆𝐸
= 0.014 𝑚𝑚 

𝑀𝐴𝐸
= 0.002 𝑚𝑚 

𝑅2 = 0.96 

4.4.6 Object Shape Error Maps 

Fig.  4.10 compares the actual and estimated upstream shape error of the proposed 

approach for various types of RCs (part variation RC: 𝑦1 = 0.5 𝑚𝑚, fixturing RC: 

𝑦11 = 0 − 0.5 𝑚𝑚, joining RC: 𝑦124 = 0)  across all three components (x,y and z) of 

shape error. The proposed approach is able to accurately estimate all components of 

upstream shape errors in spite of all RCs being located in station 1. These shape errors 

enable the localisation of faulty assembly stations; the process parameters within these 

stations can be further analysed to isolate the particular process parameter (RC). The 
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actual and estimated object shape errors at the end of upstream stations as obtained 

from the decoder of the OSER-MAS model are shown in Fig.  4.10. 

 

Comparison of x-component of object shape error 

 

 

Comparison of y-component of object shape error 

 

 

Comparison of z-component of object shape error 

Fig.  4.10. Actual and estimation comparison for upstream object shape errors 

4.5 Conclusions 

The chapter presented a 3D U-Net based methodology, Object Shape Error Response 

for Multi-station Assembly System (OSER-MAS), to isolate RC of dimensional and 
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geometric product shape errors. It leverages a Bayesian U-Net 3D CNN architecture 

and closed-loop training to enable RCA with uncertainty quantification and learning 

during the design phase of the assembly system in the absence of measurement data.  

Additionally, the approach enables fault isolation by estimation of a heterogeneous set 

of process parameters, which include (i) incoming non-ideal and deformable parts; (ii) 

place-clamp-fasten-release (PCFR) parameters in assembly cell; and, (iii) part-to-part 

contact chains. The approach also enables fault localization by estimation of shape 

errors for upstream assembly stations. The approach is benchmarked against several 

categories of deep learning and statistical models. Results demonstrated better 

performance, quicker convergence and unique uncertainty quantification. 
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5 Building a Scalable and 

Interpretable Bayesian Deep 

Learning Framework for 

Quality Control of Free Form 

Surfaces3 

5.1 Introduction 

As shown in Chapter 3 and Chapter 4,  OSER and OSER-MAS models demonstrate 

high accuracy for 3D object shape error response to estimate dimensional and geometric 

quality defects in MAS. Deep learning-driven RCA is increasingly used for decision-

making when planning corrective action of quality defects. However, given the current 

absence of scalability enabling models, training deep learning models for each MAS is 

exceedingly time-consuming. It requires large amounts of labelled data and multiple 

computational cycles. Understanding and interpreting how deep learning produces final 

predictions while quantifying various uncertainties also remains a fundamental 

challenge. In an effort to address these gaps, a novel CLIP diagnostic algorithm 

portfolio is proposed in this chapter, which simultaneously enhances scalability and 

interpretability of the OSER-MAS approaches to isolate root cause(s) of quality defects 

in MAS. The CLIP diagnostic approach shortens OSER-MAS model training time by 

developing: (i) closed-loop training to enable faster convergence for a single MAS by 

leveraging uncertainty estimates of the Bayesian 3D U-net model; and (ii) 

transfer/continual learning-based scalability model to transmit meta-knowledge from 

the trained model to a new MAS resulting in convergence using comparatively less 

training samples. Additionally, CLIP increases the transparency for quality-related root 

cause predictions by developing an interpretability model which is based on 3D 

Gradient-based Class Activation Maps (3D Grad-CAMs) and entails: (a) linking 

 
3 Based on S. Sinha, P. Franciosa, and D. Ceglarek, "Building a Scalable and Interpretable Bayesian 

Deep Learning Framework for Quality Control of Free Form Surfaces," IEEE Access, vol. 9, 2021, DOI: 

10.1109/ACCESS.2021.3068867. 

https://ieeexplore.ieee.org/document/9386067 

https://ieeexplore.ieee.org/document/9386067


- 97 - 

  

elements of MAS model with functional elements of the U-Net architecture; and, (b) 

relating features extracted by the architecture with elements of the MAS model and 

further with the object shape error patterns for root cause(s) that occur in MAS. 

Benchmarking studies are conducted using six automotive-MAS with varying 

complexities. Results highlight a reduction in up to 56% training samples with a loss in 

performance of up to 2.1%. The kernel fulfils requirements (ix)-(x) within the scope of 

single- and multi-station assembly systems. The contributions of the chapter can be 

summarized as follows: 

(1) A closed-loop training approach to enable faster convergence for a single MAS by 

leveraging uncertainty estimates of the Bayesian 3D U-net OSER-MAS model. 

(2) Uncertainty guided transfer/continual learning-based scalability model to transfer 

meta-knowledge from the trained model to a new MAS, and thus, each new MAS 

requires comparatively fewer training samples. 

(3) A 3D Grad-CAMs based interpretability model which links functional elements and 

features extracted by the 3D U-Net architecture with elements of the MAS model 

and further with the shape error patterns for root causes(s) that occur in MAS. 

(4) Verified and validated scalability and interpretability of the CLIP diagnostic 

framework underpinned algorithm portfolio using six different industrial 

automotive assemblies of varying complexities. 

The rest of the chapter is organized as follows; Section 5.2 summarizes the related work 

on scalability and interpretability; Section 5.3 summarizes the object shape error 

estimation and RCA problem for MASs as done previously in Section 4.2, Section 5.4 

discusses the methods for scalability and interpretability, Section 5.5 presents the 

industrial case studies and conclusions are summarized in Section 5.6. 

5.2 Related work on Scalability and Interpretability 

Scalability within manufacturing systems has been stated as a set of capabilities to 

provide transfer of knowledge and ideas from other engineering and management areas 

[205]. Scalability for algorithms to perform RCA of MASs translates into effectively 

leveraging the learning for one type of assembly system and then transferring this 
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learning in the form of features and relationships which can be relevant for another 

similar assembly system, and hence, can enable learning for the latter using an 

exponentially lesser amount of data and computation capabilities. Applications of using 

transfer learning techniques have been made for fault diagnosis [206]. Digital Twins 

[207] have also been proposed as a way to enable scalability. Successful applications 

of transfer learning across multiple domains [29], [135], [208]–[210] have enabled 

scalability in a sustainable manner that does not require exhaustive training data and 

computation capabilities.  Recent works have also proposed that scalability should be 

life-long or continual and should not come at the expense of forgetting previous 

learning when new features or relationships are learnt for new systems [92], [211]–

[214]. Hence, to enable scalability for MAS, methodologies that integrate 

transfer/continual learning with existing deep learning approaches for RCA are 

required. Furthermore, it is essential to ensure that training data and computation times 

do not become barriers to applying such models within industrial setups. 

Interpretability has been another primary concern for applying deep learning-

based RCA models within MAS as they do not provide the required context, trust and 

confidence within root cause estimates. When coupled with costly corrective actions 

driven by them, this lack of transparency results in such models not being adopted at 

scale. Various methodologies such as Gradient-based class activation maps that can 

integrate deep learning estimates with the required transparency have been proposed 

[215]–[217]. Bayesian deep learning [15] has been proposed to integrate confidence 

and uncertainty measures with root cause estimates. However, there is a need for 

frameworks within MAS to provide interpretability while accounting for context and 

confidence. Such frameworks enable trust in black-box deep learning models by 

providing interpretability on multiple levels. 

5.3 Problem Formulation 

The CLIP approach leverages the same formulation of MAS as done in Section 4.2. 

The object shape error for object 𝑜 after station s and stage �́� can be represented as: 

 𝒙𝒐
𝒔,�́� = (𝑷𝒐

𝒔,�́�, 𝒅𝒐
𝒔,�́� (5.1) 



- 99 - 

  

The aim for CLIP is training the proposed 3D CNN (Chapter 3) or 3D U-Net (Chapter 

4) model in a scalable and interpretable manner for each MAS to learn a function 𝑓(. ) 

(as shown in (4.4)) that takes as input the combined object shape error at the end of the 

system 𝒙𝑵𝒔,4, i.e., after the final stage of the last station (𝑁𝑠), and estimates the process 

parameters across the entire system and the object shape error for all objects at the end 

of the previous stations: 

[𝒚𝐫 , 𝒚𝐜 , 𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4] =   (𝒙𝑵𝒔,4) (5.2) 

As discussed in Section 4.3.6, the framework for RCA remains the same. The estimates 

of (5.2) are leveraged to perform RCA using three steps, namely: (i) Fault 

Identification, (ii) Fault Localization and (iii) Fault Isolation. 

5.4 Methods 

5.4.1 Bayesian 3D U-Net Architecture 

As discussed in Section 4.3.3 for the estimation of 𝑓(. ) as shown in (5.2), a Bayesian 

3D U-Net model is leveraged (Fig.  4.2). This enables (i) estimation of a heterogeneous 

set of process parameters; (ii) estimation of upstream object shape errors; and (iii) 

quantification and segregation of uncertainties. The model is trained using a weighted 

loss function [218] that accounts for all the aforementioned outputs and uncertainty 

quantification. The architecture consists of four levels of the encoder and decoder. The 

end of the encoder consists of a regression and classification head. Each head contains 

one hidden Dense Flipout layer with 64 nodes and ReLU activation. The output nodes 

in each head are equal to the real-valued and binary process parameters. These heads 

enable the estimation of a heterogeneous set of process parameters. The end of the 

decoder estimates the upstream object shape errors. Given the use of Bayesian Flipout 

layers in the encoder and regression and classification heads, the architecture enables 

quantification and uncertainty segregation.  The encoder-decoder model consists of 

seven key functional elements namely: (1a) Object shape error voxelization; (1b) 

Encoder with down-sampling kernels; (1c) Decoder with up-sampling kernels; (1d) 

Multiple output heads; (1e) Attention gate; (1f) Bayesian Flipout layers; and, (1g) 
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Residual connections. The interpretability of each element is discussed concerning the 

requirements of MAS. Overall the model takes as input the voxelized shape error after 

the final station 𝒙𝑵𝒔,4 → {𝑽𝒖,𝒗,𝒘,𝒅} and give as output the shape error after previous 

stations and the process parameters [𝒚𝐫 , 𝒚𝐜 , 𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4]. Uncertainties are 

estimated for each output value.  The uncertainty estimates are crucial in driving costly 

corrective actions. They are segregated into epistemic and aleatoric uncertainties. The 

aleatoric uncertainty is estimated by considering that the outputs follow a multivariate 

normal distribution with a diagonal covariance matrix. The epistemic uncertainty is 

estimated by assuming each weight 𝜔 in the network follows a normal distribution with 

parameters 𝜽𝝎 = (𝜇𝜔,  𝜔), and then estimating the posterior parameters of the 

distributions. The chapter proposes to leverage these measures of uncertainty to build 

approaches that enable scalable learning. The overall epistemic uncertainty of the 

estimated process parameters 𝝈(𝒚) and the uncertainty of the  weights  𝜔 can be further 

leveraged to build methods that enable scalable learning by leveraging closed-loop 

sampling from CAE simulators and further leverage uncertainty-guided continual 

learning [92] for effective learning that aids in transferring knowledge in between 

similar MASs, hence, enabling convergence using fewer training samples while also 

ensuring that there is no catastrophic forgetting of learning for previous MAS. 

5.4.2 Closed-loop Sampling and Training 

Closed-loop sampling enables the dynamic and adaptive generation of training samples 

based on the uncertainty and error of the previous training iterations while ensuring that 

the sample generation has a degree of randomness to prevent the repeated generation 

of similar samples (Table 5.1). This enables faster convergence to the optimal weights 

and biases distribution parameters of 𝑓(. ) as shown in (5.2).  Sampling is done using 

VRM [6] as the CAE simulator, which takes as input a set of process parameters (𝒀) 

and outputs the object shape errors after the desired stage/station (𝑿). Initially, Latin 

Hypercube Sampling (LHS) [182] of the process parameters within the allowable 

ranges is done for input to the CAE simulation model to generate the test (Z) and 

validation (V) set. 

𝒁 = (𝑿𝒁, 𝒀𝒁), 𝑽 = (𝑿𝑽, 𝒀𝑽) (5.3) 
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While each element in 𝑿 is characterized by the object shape error 𝒙𝒔,�́� (5.1) and each 

row in 𝒀 consists of a vector of process parameters:𝒚 = {𝒚𝐫 , 𝒚𝐜 }. The initial training 

set 𝑻𝟎 is also generated using LHS. This is used to train the proposed architecture  (. ). 

After training, the inference is performed on the validation set to obtain the predictions 

�̂�𝑽 and uncertainty 𝝈𝑽 on the validation set (V) 

[�̂�𝑽, 𝝈𝑽] = 𝑓(𝑿𝑽) (5.4)                      

For all samples, the absolute error is calculated for all ℎ the process parameters: 

𝑬𝒉
𝑽 = |�̂�𝒉

𝑽
− 𝒀𝒉

𝑽| (5.5)                          

The error is summed up across all ℎ process parameters for all samples to generate 𝒆𝑽 

which is a column vector consisting of combined error for each sample within the 

validation set. 

𝒆𝑽 = ∑ 𝑬𝒉
𝑽

ℎ (5.6)                            

The error 𝒆𝑽 and uncertainty 𝝈𝑽 are normalized between [0,1] across all samples in the 

validation set. The normalized error (�̃�𝑽) and uncertainties (�̃�𝑽) are weighted to obtain 

the sampling importance metric 𝛕𝑽 for each sample: 

𝛕𝑽 = 𝑤. �̃�𝑽 + (1 − 𝑤). �̃�𝑽 (5.7)               

Samples are sorted based on the importance metric. The sorted set of importance metric 

�̌�𝑽 and process parameter �̌�𝑽 (true values) is represented as (�̌�𝑽, �̌�𝑽). This sorting is 

done considering that samples having the highest importance, i.e., having the maximum 

sum of error and uncertainty would significantly contribute to model convergence than 

other samples. Based on the sorted importance metric �̌�𝑽 and corresponding process 

parameters �̌�𝑽, the parameters of a sampling distribution are estimated – Gaussian 

Mixture Model (GMM) with a pre-specified number of mixtures is considered as the 

sampling distribution. Given the GMM has K mixtures, the sorted samples (�̌�𝑽, �̌�𝑽) are 
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subdivided into K blocks each block 𝑖𝑏 having 𝑑𝑖𝑚(𝑉)/𝐾 samples where 𝑑𝑖𝑚(𝑉) 

represents the total number of samples within the validation set. Each block 𝑖𝑏 with 

samples having importance metric �̌�
𝑖𝑏
𝑉  and process parameters �̌�

𝑖𝑏
𝑽  are used to estimate 

distribution parameters for the 𝑖𝑏th mixture. To estimate the mixture component 

weights the importance metric for all samples within each block �̌�
𝑖𝑏
𝑉  are summed up and 

further, these summed up values are normalized between [0,1] across all blocks to 

represent mixture component weights 𝜙𝑖𝑏 .  A multivariate normal distribution 

characterizes each mixture while the multi-variate normal component corresponds to 

the process parameters. The mean 𝝁𝒊𝒃  and covariance 𝜮𝒊𝒃  of each mixture (block) is 

calculated by taking the mean and covariance of the samples within the block  �̌�
𝑖𝑏
𝑽 . 

Overall, the distribution parameters 𝜃𝑖𝑏  for the 𝑖𝑏
𝑡ℎ

 can be denoted as:  

𝜃𝑖𝑏 → 𝜙𝑖𝑏 ,    𝜇𝑖𝑏 = 𝑚𝑒𝑎𝑛( �̌�
𝑖𝑏
𝑽  ,   𝛴𝑖𝑏 = 𝑐𝑜𝑣𝑎𝑟( �̌�

𝑖𝑏
𝑽  (5.8) 

Where 𝜙𝑖𝑏 represent mixture component weight and 𝝁𝒊𝒃  , 𝚺𝒊𝒃  represent the mean vector 

and covariance matrix, respectively, for the 𝑖𝑏
𝑡ℎ

 mixture. After estimating the 

distribution, 𝑻𝒊 samples (outputs 𝒀) are drawn from the GMM model and evaluated 

using the CAE simulator (VRM) to obtain inputs (𝑿). These are then further leveraged 

to train the model. This ensures that samples are drawn considering the error and 

uncertainty while ensuring that the model does not overfit on the validation set. It 

should be noted that although the validation set is used for sampling, the model is never 

trained on the validation samples. After each training iteration is done, the model is 

tested on the test set (Z) to determine the model performance. The training and sampling 

are terminated either after (i) the performance on the test set (Z) reaches the required 

threshold 𝜀 or (ii) the maximum number of training iterations 𝑛𝑚 is reached. The 

performance threshold can be decided based on the case study and application, and the 

maximum number of iterations is decided based on the CAE simulation budget. 
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Table 5.1: Closed-Loop Sampling and Training Framework 

Algorithm 5.1: Closed-loop sampling and training 

Procedure: 

Generate and evaluate Testing (𝒁) and Validation (𝑽) set 

Generate Initial Training Set (𝑻𝟎) 

Repeat 𝒊 = 𝟎 𝒕𝒐  𝒎: 

Train model on training set (𝑻𝒊) 

Perform inference on validation (𝑽) set and obtain �̂�𝑽, 𝝈𝑽, 𝑬𝒉
𝑽  

Estimate GMM parameters (𝝓,𝝁, 𝚺) using (5.6), (5.7) and (5.8) 

Sample from the GMM and evaluate using CAE simulator to obtain 𝑻𝒔 

Add samples to training set 𝑻𝒊+𝟏

 
←𝑻𝒊 ∪ 𝑻𝒔 

Stopping Checks: 

Error on test (Z) set, below the threshold 𝑒𝑒 < 𝜀 

Maximum number of iterations reached 𝑖 = 𝑛𝑚 

5.4.3 Uncertainty Guided Continual Learning 

The closed-loop sampling approach enables faster convergence within one MAS but 

does not enable the trained 𝑓(. ) to be used across different MASs.  Leveraging the 

trained function 𝑓(. ) across different MAS enables transfer of relevant knowledge 

(features) and enables convergence in comparatively lesser samples enabling 

scalability. Continual learning methods (also known as sequential/lifelong learning) 

aim to incrementally learn new tasks without forgetting previous tasks for which they 

have been trained. In the context of MASs, the scale-up starts from tasks or cases as 

simple as a coupon or Top-hat assembly to full-scale MAS such as automotive car door 

or cross member assemblies and can cumulatively consist of up to 100 assembly 

stations, each consisting of multiple stages. Each assembly case is treated as a task 𝑇𝑖, 

and continual learning is performed for a total of 𝑇𝑛 tasks. Continual learning enables 

the transfer of the process parameter estimation capabilities of previous assembly cases 

to more complex assemblies while retaining the essential capabilities required for 

process parameter estimation of previous assemblies. The key to achieving continual 

learning requires assignment of importance to each neural network weight 𝜔 and further 

updating only non-important weights such that the model learns the new task without 

forgetting the previous task [92].  The approach leverages uncertainty guided continual 

learning because the weight uncertainty  𝜔 of the Bayesian 3D U-Net model serves as 

an implicit measure of importance. Additionally, the ease of interpretation, strong 

mathematical foundation and good results on various datasets [92] motivate using such 
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a learning algorithm.  

Given the use of Bayesian neural networks and a normal distribution 

parametrized by 𝜽𝝎 = (𝜇𝜔 ,  𝜔) for each weight 𝜔 within the network, the standard 

deviation of each weight distribution is leveraged as the metric for importance. To 

enable continual learning, the learning rate 𝛼 for each parameter is updated by the 

corresponding importance Ω.  

𝛼𝜇 ← 𝛼𝜇 Ω𝜇⁄ , 𝛼𝜎 ← 𝛼𝜎 Ω𝜎⁄ (5.9) 

The importance of the parameters is set to be inversely proportional to the standard 

deviation, which mathematically means that weights with higher standard deviation are 

less important and hence can be updated at a higher rate to learn new tasks. In 

comparison, weights with lower standard deviation are more important and hence 

should be updated at a lower rate to prevent catastrophic forgetting (performance loss) 

for the old tasks.  

Ω ∝ 1  𝜔⁄ (5.10) 

Based on various empirical studies done by Ebrahimi et al. [92], the learning rate 

adaptions were determined as: 

Ω𝜇 ← 1  𝜔⁄ , Ω𝜎 ← 1 (5.11) 

The overall algorithm consisting of closed-loop sampling and continual learning to train 

the model on multiple tasks 𝑇𝑖 , … , 𝑇𝑛 (different assembly case studies) is shown in Table 

5.2. After each task, the learning rates are updated as shown in (5.11). The number of 

output nodes within the model is kept equal to sum all process parameters across all 

cases studies. For each assembly case, the specific process parameter nodes output the 

values while other nodes corresponding to process parameters for other assembly cases 

are set to output a nominal fixed value (generally set to zero). Overall continual learning 

aims to learn process parameter estimation capabilities of each assembly case study 

incrementally while minimizing the forgetting for previous assembly case studies.  
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Table 5.2: Continual Learning Framework 

Algorithm 5.2: Uncertainty based continual learning with closed-loop sampling 

Procedure: 

Setup all tasks (Assembly Case Studies) 

Set initial learning rate 𝛼𝜇 = 𝛼𝜎 = 𝛼0 

Repeat  𝒐𝒓 𝒂𝒍𝒍 𝒕𝒂𝒔𝒌𝒔 𝑇𝑛: 

Perform closed loop training for 𝑇𝑖
th task (Algorithm 5.1) 

Update Learning Rates: 

Ω𝜇 ← 1  𝜔⁄  

Ω𝜎 ← 1 

𝛼𝜇 ← 𝛼𝜇 Ω𝜇⁄  

𝛼𝜎 ← 𝛼𝜎 Ω𝜎⁄  

   end 

5.4.4 Transfer Learning 

Transfer learning is an effective method for transferring learning (process parameter 

estimation for MASs) from one task to related tasks (between different assembly case 

studies) using fewer training samples. It hence acts as a critical enabler for scalability. 

This chapter leverages transfer learning and continual learning as a combined algorithm 

portfolio enabling scalability. The choice between them can be made based on training 

results and deployment performance. 

Transfer learning is mathematically formalized [209][219] as a domain D which 

consists of features 𝑿 and a distribution over the feature space 𝑃(𝑿).  In this case the 

domain entails process parameter estimation 𝑓(. ) on a particular assembly case 𝑇𝑖 with 

shape error features 𝑿 and distribution over the feature space as 𝑃(𝑿).  Within Domain 

D task 𝑇 is performed that constitutes learning a conditional distribution 𝑃(𝒀|𝑿) to 

estimate process parameters 𝒀 

𝐷 = {𝑿, 𝑃(𝑿)} (5.12) 

The chapter aims to ‘transfer learn’ from the source domain (𝐷𝑠) corresponding to a 

particular assembly case to a target domain (𝐷𝑇), i.e. a similar assembly case to perform 

the same task of estimating 𝑓(. ) (5.2) while accounting for differences between cases 

such that at least one of the elements between the domain and target are not the same: 
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(𝑿𝒔 ≠ 𝑿𝑻), (𝑃(𝑿𝑠) ≠ 𝑃(𝑿𝑇), (𝒀𝑠 ≠ 𝒀𝑇), 𝑃(𝒀𝑠|𝑿𝑠) ≠ 𝑃(𝒀𝑇|𝑿𝑇)                               (5.13) 

 Considering the prior knowledge on the similarity of assembly cases studies, it can be 

estimated that: (i) (𝑿𝒔 ≈ 𝑿𝑻) – given that similar features [111] [220] need to extracted 

from the object shape error data that include bends, twists, rotations, and translations.; 

(ii) (𝑃(𝑿𝒔) ≈ 𝑃(𝑿𝑻)) – similarly, the distribution around the input features is 

approximately the same; (iii) 𝒀𝒔 ≠ 𝒀𝑻 – the outputs for each study are different given 

a different number of process parameters are involved; and, (iv) (𝑃(𝒀𝒔|𝑿𝒔) ≠

𝑃(𝒀𝑻|𝑿𝑻) – the conditional distribution is also significantly changed given the change 

in the assembly system and the output. To account for (iii) the final layer of the network 

is replaced with nodes corresponding to the new set of process parameters; to account 

for (iv) the approach leverages standard protocols established in transfer learning to 

achieve transferability. 

Based on past work on successful applications of transfer learning that involved 

using ImageNet data to aid Computer-Aided Detection [210], the fine-tuning transfer 

learning protocol is leveraged. The network weights are initialized using the weights of 

a network trained on the previous assembly case study. The whole network is then fine-

tuned while keeping the learning rate of the convolutional layers 𝛼𝑐 in the first two 

encoder levels ten times less than the rest of the network 𝛼𝐹. The regression and 

classification heads are replaced and reinitialized. The nodes in each of the heads are 

determined by the number of process parameters for the case study. Overall transfer 

learning (Table 5.3) aims to learn process parameter estimation capabilities of each 

assembly case study while ‘transferring’ knowledge from previous case studies. 

Although while doing this, the model can ‘forget’ estimation capabilities for previous 

case studies. Fig.  5.1 summarizes the overall framework for closed-loop sampling and 

training integrated with continual and transfer learning approaches. 
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Table 5.3: Transfer Learning Framework 

Algorithm 5.3: Transfer learning with closed-loop sampling 

Procedure: 

Setup all tasks (Assembly Case Studies) 

Set initial learning rate 𝛼0 for all layers 

Perform closed-loop training on 1st task 

Set learning rate lower convolutional layers 𝛼𝐶 ← 𝛼0 10⁄  

Set learning rate for all other layers 𝛼𝐹 ← 𝛼0 

Repeat  𝒐𝒓 𝒂𝒍𝒍 𝒕𝒂𝒔𝒌𝒔 (𝟐 𝒕𝒐 𝑇𝑛): 
Replace output layer of neurons equal to the number of 

process parameters for the 𝑇𝑖
th task 

Perform closed-loop training for 𝑇𝑖
 th task (Algorithm 5.1) 

Initialize network with trained weights 

   end 

5.4.5 3D U-Net Architecture Interpretability 

The implementation of deep learning models within industrial environments requires 

opening the black box and providing interpretability and causation on why the deep 

learning models can give superior performance compared to traditional linear or piece-

wise linear approaches traditionally used for RCA of MAS. The chapter proposes to do 

that on two levels: 

(i) providing a link between MASs requirements and functional elements of the 

Bayesian 3D U-Net architecture of the OSER-MAS approach. This also aims to link 

the engineering challenges faced in RCA of MASs and the developments done within 

the OSER-MAS model to overcome these challenges. 

(ii) leveraging 3D Grad-CAMs to interpret the features that are extracted by the 

architecture and then propagated through various encoder and decoder layers to be 

interpreted as root causes. To integrate high measures of confidence within the deep 

learning model estimates, it must be established that the input context 𝒙𝑵𝒔,4 (object 

shape error) on which the model focuses should be directly related to the estimated 

output 𝒚 (process parameter or root cause), e.g. if the model estimates  ‘part variation’ 

as a root cause, it should focus on the ‘part variation’ rather than other possible root 

causes such as ‘clamping’ or ‘positioning’. Clearly extracted semantics in 

convolutional layers integrates a much-needed measure of ‘trust’ within the root cause 

estimates. 
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5.4.6 3D Gradient-Weighted Class Activation Maps 

3D Gradient-weighted class activation maps (3D Grad-CAMs) aim to visualize the 

input features that led to a particular output. In the context of MASs, this aims to 

localize key regions within the input shape error 𝒙𝑵𝒔,4 that led to the estimation of a 

process parameter 𝒚. This is estimated by taking a discriminative gradient of a particular 

process parameter 𝑦𝑚 output with respect to the feature map of a selected convolutional 

layer within the 3D U-Net architecture. The map for a particular output process 

parameter 𝑦𝑚 is represented as 𝑳𝑔𝑟𝑎𝑑−𝐶𝐴𝑀
𝑦𝑚

 and can be calculated as a weighted sum of 

the features maps: 

𝑳𝑔𝑟𝑎𝑑−𝐶𝐴𝑀
𝑦𝑚 

= 𝑅𝑒𝐿𝑈 ∑𝛼𝑓
𝑦𝑚 

𝐴𝑓

𝐹

𝑓=1

(5.14) 

Where 𝑨  represents 𝑓 feature maps (𝑓 = 1,2, … , 𝐹) for the selected convolutional 

layer. ReLU represents the activation function which is rectified linear unit. The 

weights 𝛼𝑓
𝑦𝑚 

 are calculated by summing the gradients for each element within the 

feature map where 𝑎, 𝑏, 𝑐 represent the dimensions of the 3D feature maps: 

𝛼𝑓
𝑦𝑚 

=  
1

𝑎𝑏𝑐
∑∑∑

𝑑𝑦𝑚

𝑑𝑨𝑖,𝑗,𝑘
𝑓

𝑐

𝑘=1

𝑏

𝑗=1

𝑎

𝑖=1

(5.15) 

The 𝑳𝑔𝑟𝑎𝑑−𝐶𝐴𝑀
𝑦𝑚

 is interpolated to match the dimensions of the input voxelized object 

shape error. The overlay between the voxelized object shape error and interpolated 3D 

Grad-CAM provides interpretability information on what features/spatial regions 

within the shape error did the model focus on to estimate the selected process parameter 

𝑦𝑚 of interest. The interpolated 3D Grad-CAM is then transformed to a point-based 

shape error, and smoothing is done using a median filter for consistency across the 

mesh. These can be visualized to obtain regions within the shape error input that the 

neural network model focuses on to estimate the process parameter. Various limitations 

of Grad-CAM have been shown concerning the granularity of the generated 
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interpretability maps [221]. Hence further work is required in exploring other model-

agnostic and model-specific approaches for interpretability and explainability [222]. 

Fig.  5.1 summarizes the integration of closed-loop training with 

continual/transfer learning-based scalability model and 3D Grad-CAMs based 

interpretability model. The effective integration of these models enhances the OSER-

MAS model's diagnostic capabilities and enables scalable and interpretable RCA.  
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Fig.  5.1. CLIP underpinned algorithm portfolio
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5.5 Case Study 

5.5.1 Experimental Setup 

Verification and validation is done using 𝑇𝑛 = 6 tasks or assembly systems (Fig.  5.2, 

Table 5.4) with varying complexities ranging from a single part coupon level assembly 

to automotive, industrial multi-station assemblies. Each assembly case is considered a 

unique task. Continual or transfer learning is done sequentially for all case studies, as 

in the order mentioned below. The case studies include: 

(1) Flat Plate (Coupon) Assembly: consists of 𝑛 = 1 ideal compliant part with a flat 2D 

geometry. It involves 𝑁𝑠 = 1 station and four stages (PCFR) and is controlled by ℎ =

7 real-valued 𝒚𝐫 fixturing and joining based process parameters. 

(2) Top-Hat Assembly: consists of a 𝑛 = 2 ideal compliant parts with a simple 3D 

geometry. It involves 𝑁𝑠 = 1 station and four stages (PCFR) and is controlled by ℎ =

17 real-valued 𝒚𝐫 fixturing and joining based process parameters. 

(3) Door Halo Reinforcement Panel Assembly: consists of 𝑛 = 1  ideal compliant part 

with complex 3D geometry. It involves 𝑁𝑠 = 1 station and two stages (PC) and is 

controlled by ℎ = 3 real-valued 𝒚𝐫  fixturing based process parameters. 

(4) Door Inner and Hinge Reinforcement Assembly: consists of 𝑛 = 2 ideal compliant 

parts with a complex 3D geometry. It involves 𝑁𝑠 = 1  station and four stages (PCFR) 

and is controlled by ℎ = 6 real-valued 𝒚𝐫 fixturing based process parameters. 

(5) and (6) Cross Member Assembly: consists of 𝑛 = 4 non-ideal compliant parts with 

complex 3D geometry. It involves 𝑁𝑠 = 3  stations, each with four stages (PCFR). Two 

sub-cases within this are considered: case (5) consisting of ℎ = 12 real-valued 𝒚𝐫 part 

variation and fixturing based process parameters; and case (6) consisting of a 

heterogeneous (real-valued and binary) set of ℎ = 158 process parameters, including 

123 real-valued 𝒚𝐫 part variation, fixturing and joining based process parameters and 
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25 binary process parameters 𝒚𝐜 indicating the success of joining (Fig.  4.7). 

For comparison and benchmarking of scalability, all five cases are analysed under 𝑇𝑠 =

4 training scenarios are considered: 

(i) Random Sampling: Involves randomly sampling from the CAE simulator within the 

allowable ranges for each process parameter. Each case study is trained on a re-

initialized network with random weights. This also serves the baseline performance 

expectations. 

(ii) Closed-loop Sampling: Involves training the five case studies using Algorithm 5.1 

as shown in Table 5.1. 

(iii) Transfer Learning with Closed-loop sampling: Involves training the five case 

studies sequentially using Algorithm 5.3 as shown in Table 5.3. 

(iv) Continual Learning with Closed-loop Sampling: Involves training the five case 

studies sequentially using Algorithm 5.2 as shown in Table 5.2.  

Interpretability is verified by considering the cross-member assembly (5) to 

provide links between MASs requirements and architecture functional elements and 

obtain 3D Grad-CAMs for key process parameter variations. While obtaining 3D Grad-

CAMs, the weights and biases of the network are fixed at the mean values (𝜔 = 𝜇𝜔). 

Before training, all shape errors are pre-processed and voxelized to 

(𝑢, 𝑣, 𝑤, 𝑑) = (64,64,64,3) voxel grids 𝑽𝟔𝟒,𝟔𝟒,𝟔𝟒,𝟑. The deviation features 𝒅 include 

deviations in all directions for all points (�̃�𝑘, �̃�𝑘, �̃�𝑘). The shape error after the final 

station (𝒙𝑵𝒔,4) is used as input while the process parameters 𝒚 and upstream stations 

shape errors 𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4 are used as output. The model architecture 

hyperparameters were selected as proposed in the OSER-MAS approach. Training 

hyperparameters were optimized for all scenarios. Adam optimizer [185] is used for 

training in scenarios (i), (ii) and (iii). Initial learning rates 𝛼0 =

[0.1,0.01,0.001,0.0001] were compared for scenario (i) and (ii), 𝛼0 = 0.001 gave 



- 113 - 

  

optimal performance in terms of error and convergence, 𝛼0 = [0.1,0.01] gave an 

inferior performance as compared to 𝛼0 = [0.001,0.0001], 𝛼0 = 0.001 was finally 

selected as the learning rate gives faster convergence between the two values.   The 

same combinations were tested for scenario (iii) while under the constraint that 𝛼𝐶 =

𝛼𝐹/10 given the fine-tuning protocol to ensure later layers learn at a faster rate as 

compared to initial layers. 𝛼𝐶 = 0.0001 and 𝛼𝐹 = 0.001 gave the most optimal 

performance. Scenario (iv) tested the initial learning rate for stochastic gradient descent 

(SGD), 𝛼0 = 0.001 gave the optimal performance. The learning rates were multiplied 

in each case by the weight uncertainty as described in Table 5.2. Minibatch sizes of 8, 

16 and 32 were tested. Larger batch sizes could not be used given the high GPU memory 

requirements of 3D CNNs. Minibatch size of 32 gave the best performance. Smaller 

sizes such as 8 and 16 caused the training process to be unstable. The model is trained 

for 300 epochs. Group normalization [183] with four groups is used after each 

convolutional layer. This prevents overfitting and accounts for small minibatch size due 

to GPU memory size constraints and aids in stabilizing the training process. 

Optimization for training hyperparameters was done for case (1) (Flat Plate Assembly) 

to ensure computation feasibility. Given case studies (1) to (4) consist of a single 

station, the 3D U-Net model's decoder is not used as upstream shape error for previous 

station stations does not need to be estimated. Case studies (5) and (6) leverage the 

decoder to estimate shape error after upstream stations. The work has been implemented 

using Python 3.7 and TensorFlow - GPU 2.1 [186] and TensorFlow Probability 0.9. A 

python library named DLMFG [187] has been developed to validate and replicate the 

results of the methodology. Both the data generation and evaluation of the approaches 

have been done using VRM. Two Nvidia Tesla V100 32 GB GPUs are used for model 

training and deployment.  
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Fig.  5.2. Assembly Cases 

 
Table 5.4: Assembly Cases 

Case Geometry Input Parts Stages Stations 
Process 

Parameters 

(1) Flat Plate 2D 1 ideal part 4 1 7 
(2) Top-Hat 3D 2 ideal parts 4 1 17 

(3) Door Halo 3D 1 ideal parts 2 1 3 
(4) Door Inner and 

Hinge 
3D 2 ideal parts 4 1 6 

(5) Cross Member 3D 4 non-ideal parts 12 3 12 
(6) Cross Member 3D 4 non-ideal parts 12 3 148 

5.5.2 Discussion: Scalability 

The results for training assembly cases sequentially in the aforementioned scenario are 
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summarized in Fig.  5.3. Training in all scenarios is done until convergence. Model is 

considered converged when the performance metrics on the test set 𝐸 = (𝑋𝐸 , 𝑌𝐸) are 

lesser than the threshold. R-Squared (𝑅2) ≥ 0.90 is considered as the convergence 

criteria for 𝑦𝑟 and Receiving Operating Characteristics – Area Under Curve (ROC-

AUC) ) ≥ 0.90 is considered as a convergence for 𝑦𝑐. The initial training set size 𝑇0 

is set to be 500 samples and 𝑇𝑖 = 100 samples are added in each closed-loop iteration 

based on the estimated GMM parameters. Based on empirical tests, the pre-specified 

number of mixtures in the GMM is fixed at 𝐾 = 5.   

The results show that for low complexity cases such as Flat Plate (1) and Top-

Hat (2) the effects of using closed-loop sampling with continual or transfer learning 

gives only minor reductions in training samples for converging. As the complexity of 

the assembly cases increases and the effect of pre-trained weights of continual and 

transfer learning become a significant reduction up to 50% in the number of required 

training samples for case (6) can be seen. This validates the need for scalable 

approaches required for training high-dimensional assembly cases while leveraging the 

pre-trained models on low-dimensional assembly cases. 

The performance measure of using continual learning for all 𝑇𝑛 tasks are done 

by comparing 𝑅2 on the 𝑇𝑖th task when learning is performed only till 𝑇𝑖th task (𝑅𝑇𝑖,𝑇𝑖

2 ) 

and when learning is performed till the 𝑇𝑛th task (𝑅𝑇𝑖,𝑇𝑛
2 ). Catastrophic forgetting for 

each task (𝐶𝐹𝑇𝑖
) is quantified as the difference between performance in the 

aforementioned situations: 

𝐶𝐹𝑇𝑖
= 𝑅𝑇𝑖,𝑇𝑛

2 − 𝑅𝑇𝑖,𝑇𝑖

2 (5.16) 

Negative value of 𝐶𝐹𝑇𝑖
 means catastrophic forgetting of previous cases, while 

positive values mean that learning new tasks has improved the performance of previous 

tasks. Table V summarizes the results. Average Generalized Performance 
1

𝑇𝑛
 ∑ 𝑅𝑇𝑖

𝑇𝑖,𝑇𝑛

2
 

and Average Catastrophic Forgetting 
1

𝑇𝑛
 ∑ 𝐶𝐹𝑇𝑖𝑇𝑖

 are summarized and highlight 

generalized performance (95%) more significant than the required threshold while with 
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average forgetting of only up to 2.1%. 

The convergence is measured by the number of samples (𝑆𝑇𝑠) for training for 

the given training scenario 𝑇𝑠. Improvement in convergence ∆𝑇𝑠 for a training scenario 

𝑇𝑠 is measured as the percentage difference in training samples required for 

convergence as compared to the baseline training scenario, which for this case is (i) 

random sampling  

∆𝑇𝑠=
𝑆𝑇𝑠 − 𝑆𝑇𝑠=(i) 

𝑆𝑇𝑠=(i) 
(5.17) 

Table 5.5 also summarizes the improvement in convergence for the CLIP framework, 

i.e. improvement in convergence when using training scenario (iv) Continual Learning 

with Closed-Loop Sampling ∆𝑇𝑠=(𝑖𝑣). Fig.  5.4 aims to compare loss in performance 

(𝐶𝐹𝑇𝑖
) with improvement in convergence (∆𝑇𝑠=(𝑖𝑣)). Overall, across the six cases, the 

proposed CLIP framework provides 56% improvement scalability as quantified by 

improvement in convergence with a loss in performance of only 2.1% as quantified by 

catastrophic forgetting. 
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Fig.  5.3. Convergence comparison in all training scenarios 

 

Table 5.5: CLIP framework scalability performance 

Assembly Case 𝑹𝑻𝒊,𝑻 

𝟐  𝑹𝑻𝒊,𝑻𝒊

𝟐  
𝑪𝑭𝑻𝒊

 ∆𝑻𝒔=(𝒊𝒗) 
Mean SD Mean SD 

(1) Flat Plate  0.93 0.01 0.96 0.02 -0.03 0.33 

(2) Top-Hat  0.91 0.02 0.95 0.01 -0.04 0.57 

(3)Door Halo Reinforcement  0.98 0.01 0.98 0.01 0.00 0.62 

(4) Door Inner and Hinge 0.97 0.01 0.98 0.02 -0.01 0.68 

(5)Cross Member  0.95 0.02 0.98 0.01 -0.03 0.59 

(6)Cross Member 0.96 0.03 0.96 0.03 0.00 0.57 

Average Generalized Performance =  𝟎. 𝟗𝟓 

Average Catastrophic Forgetting = −𝟎. 𝟎𝟐 

Average Convergence Improvement = 0.56 
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Fig.  5.4. Loss in performance vs improvement in convergence for CLIP 

5.5.3 Discussion: Interpretability 

The interpretability of the Bayesian 3D U-Net is done on two levels: 

(1) By linking requirements of the MASs with functional elements of the Bayesian 3D 

U-Net architecture. These include: 

 (1a) Object Shape Error Voxelization: Shape error voxelization provides an 

intermediate 3D data structure linking mesh obtained from CAE simulation and point 

clouds obtained from 3D optical scanners. Voxelization ensures that both these data 

structures are converted to voxels and are compatible with 3D convolution operations 

fulfilling: Requirement (i) high data dimensionality; and, Requirement (vi) dual data 

generation capabilities. The voxels are multi-channels, with each channel 

corresponding to one component of shape error. The resolution of voxels depends on 

the required performance. Fig.  5.5 shows voxelization for one component of shape 

error at different resolutions. Low-resolution voxels capture global shape error patterns, 

as the resolution is increased, local shape error patterns are effectively captured. This 

also increases the discriminative capability required to differentiate between collinear 

shape error patterns, although this comes at a higher computational cost. Empirical 

studies have shown no significant increase in performance above (64 × 64 × 64) for 

RCA of MAS. Case (6) Cross Member Assembly (ℎ = 148) is used for a sensitivity 

study. Object Shape Error Reconstruction Error and performance is compared against 

voxel granularity. The reconstruction error is less than 1% given (64 × 64 × 64) or 

more granular voxels. The model performance does not increase over 𝑅2 = 0.96 even 

with voxels as granular as (96 × 96 × 96). Additionally, with increased voxel sizes 
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above (64 × 64 × 64), the minibatch size used during training has to be further reduced 

to 16 given GPU memory constraints, resulting in unstable model training and, hence, 

negatively impacts performance. Table 5.6 summarises the results of the sensitivity 

study. 

 
Fig.  5.5. Object Shape Error Voxelization 

 

Table 5.6: Voxel Resolution Sensitivity Study 

Voxel Resolution 
Reconstruction 

Error 

Performance (𝑹𝟐) Minibatch 

Size Mean SD 

(16 × 16 × 16) 9.2% 0.85 0.01 64 

(32 × 32 × 32) 3.8% 0.91 0.01 32 

(64 × 64 × 64) 1.4% 0.96 0.02 32 

(80 × 80 × 80) 1.2% 0.96 0.04 16 

(96 × 96 × 96) 0.9% 0.95 0.05 16 

(1b) Encoder with Down Sampling Kernels: As described earlier, the Bayesian 3D U-

Net architecture consists of four levels of the encoder and decoder models (Fig.  4.2). 

Each level of encoding consists of the down-sampling kernel (see Down-sampling 

kernel in Fig.  4.2). The kernel consists of 3D Max pooling, which is duplicated to a 

residual connection and encoding connections. The residual connection consists of a 

3D convolution with a filter size of one and a stride length of one in all three 

dimensions. The encoding connection consists of two 3D convolutions of filter size 

three and stride length one with ReLU activation in between. Then, the residual 

connection and the encoding connection are merged using element-wise addition. 

Finally, ReLU is applied before duplicating the output into the decoder input and next 

level encoder input. Overall, the down-sampling kernels in the encoder with 

consecutive 3D convolutions and pooling are essential for spatial correlation filtering, 
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feature extraction, and non-linear transformations. Consecutive levels of the decoder 

extract more discriminating features from the high-resolution voxelized shape error 

input. The discriminative ability of the features increases at each consecutive encoder 

level thus, enabling an accurate estimate of process parameters hence high root cause 

isolability. Each level of the encoder is also linked to the corresponding decoder. This 

enables the transfer of features related to the part geometry and enables accurate 

estimation of upstream part shape error at the end of the decoder. Fig.  5.6 highlights 

the features extraction capabilities of different levels of the encoder. In contrast, lower 

levels focus on the whole part, higher levels focus on the regions that contain the shape 

error. This enables the fulfilment of requirements: (ii) non-linearity; (iii) collinearities; 

and, (iv) high faults multiplicity. The 3D Grad-CAMs for encoder levels provides 

interpretability by visualizing the extracted shape error features. The transparency 

provided in the extracted shape error features enables interpretability on why a 

particular root cause was isolated.  

 
Fig.  5.6. 3D Grad-CAMs for various encoder levels 

(1c) Decoder with Up-sampling Kernels: Each level of the decoder consists of the up-

sampling kernel (see Up-sampling kernel in Fig.  4.2) and provides real-valued 

segmentation maps that estimate object shape error, i.e., the three components of 

deviation for each subassembly at the end of all upstream stations. Each level of the 

decoder consists of two input sources; the encoder input from the corresponding level 

encoder and the decoder input from the previous decoder level. The following 

operations are then performed: (i) up-sampling of the decoder input, which is duplicated 

and sent to the attention gate and feature concatenation layer; (ii) the attention gate [90] 

distils information from the encoder and then generates relevant features that are 

concatenated with the up-sampling output from (i); and, (iii) this concatenated feature 

set is duplicated to the residual connection, and the decoder connection and similar 
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operations as in the encoder layer are performed. The number of channels of the decoder 

output equal to the number of components of shape error multiplied by the number of 

upstream stations, while the granularity of the output is the same as the input voxel size. 

Various levels of the decoder aggregate features from the corresponding encoder and 

previous decoder. This integrates part geometry features (as provided by the encoder) 

with the shape error features (as provided by the previous decoder), enabling accurate 

estimation of upstream part shape error. Different levels of decoder reconstruct shape 

error within different regions of the part. This enables the fulfilment of requirement 

(viii) Fault Localization. Fig.  5.7 highlights the up-sampling capabilities of different 

levels of the decoder that enable estimation of object shape error of upstream 

assemblies. Level 2 reconstructs the pocket reinforcement subassembly features, while 

levels 3 and 4 reconstruct the cross-member reinforcement assembly features. The 3D 

Grad-CAMs for decoder levels provides interpretability into the stations within which 

the fault is localized. Fig.  5.8 compares the actual upstream assembly shape errors as 

estimated using CAE simulation with those estimated by the decoder output.  

 
Fig.  5.7. 3D Grad-CAMs for various levels of the decoder 

 

 
Fig.  5.8. Comparison of actual vs estimated upstream assemblies 
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(1d) Attention Gate: The soft-attention mechanism as proposed by Oktay et al. [90] is 

used between corresponding levels of the encoder and decoder. The attention approach 

(see attention gate in Fig. 4.2) allows the model to be specific to local regions. In the 

context of shape error estimation of assemblies, this helps the model focus on particular 

parts/subassemblies in each station. Adding of the attention gate increases in accuracy 

of upstream stations shape error estimation as the model learns where to look within 

the final assembly to estimate upstream sub-assemblies [𝑥1,4, … , 𝑥𝑁𝑠−1,4]. This decoder 

inclusive of attention gates improves performance for requirement (viii) Fault 

Localization. Fig.  5.9 shows 3D Grad-CAMs for areas of focus at different functions 

within the up-sampling kernel. Attention 3D Grad-CAMs enables interpretability by 

providing insights into the decoder's regions in estimating upstream shape errors. 

 
Fig.  5.9. 3D Grad-CAMs for Attention at various levels of the decoder 

(1e) Bayesian Flipout Layers: Given the uncertainties in the system and the availability 

of only a limited dataset, a deterministic estimate of function 𝑓(. ) as shown in (4.4) is 

not feasible. The Flipout [89] layers leveraged in the encoder enable uncertainty 
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quantification. These estimates of uncertainty integrate measures of confidence within 

isolated RC(s) and hence drive costly corrective actions [218]. This is realized by using 

Bayes-by-Backprop [164], which integrates backpropagation with variational inference 

[180] to estimate a posterior distribution 𝑞𝜃(𝜔) which is parametrized by 𝜃 over the 

neural network weights based on the pre-specified prior 𝑝(𝜔). This enables fulfillment 

of requirement (v) uncertainty quantification. The uncertainties are key elements of 

interpretability insights as they integrate confidence within the root cause estimates. 

(1f) Residual Connections: Given the deep architecture of the model, vanishing 

gradients can be a significant issue. Hence residual [193] or skip connections are added 

within each down-sampling and up-sampling kernel that ensure effective prorogation 

of gradients by providing a skip route. Fig.  5.10 highlights the 3D Grad-CAMs for 

various stages of the residual connection as seen (highlighted in red rectangle) in level 

three the layer before the residual connection has negligible activations due to skipping 

of the layer while the gradients become significant after the addition of the residual. 

The residual connections improve performance for requirements: (ii) non-linearity, (iii) 

collinearities, and (iv) high faults multiplicity. 

 
Fig.  5.10. 3D Grad-CAMs for residual connection at various encoder levels 

(2) Using 3D Grad-CAMs to interpret the working of the architecture for different 

process parameter variations or root cause(s). The above 3D Grad-CAMs provide a 

global level of interpretability by linking functional elements of the architecture with 
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the requirements of the MAS. The next local level of interpretability aims to provide 

transparency into the 3D Grad-CAMs for various levels of the encoder for key root 

cause scenarios. This links the shape error features extracted by each encoder level to 

estimate that particular root cause.  To interpret that the architecture is isolating a root 

cause correctly, the features extracted by various levels of the encoder should 

correspond to the shape error patterns caused by that root cause. To validate this, the 

cross member assembly (case (5)) is considered, and the working of the architecture is 

analysed for five key root cause(s) scenarios: 

(2a) Part Variation Root Cause: This is caused due to variation in upstream fabrication 

processes is estimated as variation in 𝒚𝐦 = 𝒚𝟏 = 𝟐 𝒎𝒎. Fig.  5.11 represents the 

output of the assembly given the incoming part (cross-member) 𝑛 = 3 has part 

variation. The region marked in red depicts a bend in the part that is unique to a part 

variation root cause [111][220]. The 3D Grad-CAMs, as shown in Fig.  5.11 highlights, 

that the first encoder focuses around the entire part, the second encoder level can 

identify the edges near the bend, and the final encoder levels (three and four) can 

identify the region where the bend has occurred and hence accurately estimate 𝒚𝟏 as a 

part variation root cause. 

 
Fig.  5.11. Part Variation Root Cause 

(2b) Positioning Root Cause: This is caused by tooling installation and calibration error, 

or tooling deterioration due to gradual wearing out of fixture locators and is estimated 

as variation in 𝒚𝐦 = 𝒚𝟓 = 𝟏 𝒎𝒎. They affect the part placement, including 
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orientation/reorientation and stability. The 3D Grad-CAMs, as shown in Fig.  5.12, 

highlights that the encoder focuses around the entire part that has an error in orientation 

and estimates 𝒚𝟓 as the magnitude of the error. 

 
Fig.  5.12.  Positioning Root Cause 

(2c) Clamping Root Cause: This is caused by misalignment of the clamp in the y-

direction and estimated as 𝒚𝐦 = 𝒚𝟏𝟏 = 𝟐 𝒎𝒎. They cause part bending of compliant 

parts. The 3D grad-CAMs, as shown in Fig.  5.13, highlights that the encoder can focus 

on the local bend pattern at the location of the clamp and estimate 𝒚𝟏𝟏 as the magnitude 

of the clamp misalignment in the y-direction.  

 
Fig.  5.13. Clamping Root Cause 

(2d) Joining Root Cause: This is caused by misalignment of the joining tool (SPR) in 
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the y-direction and estimated as 𝒚𝐦 = 𝒚𝟏𝟐 = 𝟐 𝒎𝒎. They lead to a defective joint 

between the two assemblies. The 3D grad-CAMs as shown in Fig.  5.14 highlights that 

the first level of the encoder can focus on the region of defective joint and the later 

levels focus on the subassembly affected due to the defective joint and hence estimates 

𝒚𝟏𝟐 as the magnitude of joining tool misalignment in the y-direction. 

 
Fig.  5.14. Joining Root Cause 

(2e) Part Variation and Clamping Root Causes: This is caused when there is an 

upstream part variation (𝒚𝐦 = 𝒚𝟏 = 𝟐𝒎𝒎) and misalignment of the clamp in the y-

direction (𝒚𝐦 = 𝒚𝟏𝟏 = 𝟐𝒎𝒎). These lead to multiple simultaneous bends across the 

assembly. The 3D Grad-CAMs, as shown in Fig.  5.15, highlights that various levels of 

decoder focus on all affected regions within the sub-assembly to estimate multiple root 

causes simultaneously. This capability is crucial in ensuring that deep learning models 

have high RCA capabilities even when all process parameters have variation and 

potentially are at fault (100% fault multiplicity). Such cases of high fault multiplicity 

cause various shape errors that are collinear (highly similar). The ability of architecture 

to simultaneously focus on multiple areas within the multi-channel voxelized input and 

localize various bends, twists and other shape error patterns which are potentially 

overlapping (interacting) and then relate them to the process parameter(s) causing it, 

makes it the ideal approach to do RCA of high-dimensional MASs with high fault 

multiplicity using granular 3D data structures such as mesh (CAE) or point clouds from 

3D scanners. 
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Fig.  5.15. Part Variation and Clamping Root Causes 

5.6 Conclusions 

The chapter proposed a novel closed-loop in-process (CLIP) algorithm portfolio to 

address the current limitations of scalability and interpretability. Scalability is enabled 

by leveraging closed-loop training integrated with uncertainty guided continual 

learning or transfer learning. The approach enables the effective transfer of knowledge 

through invariant features between MASs thereby, achieving quicker convergence with 

56% fewer training samples. The overall loss in performance was limited to only 2.1 

%, as quantified by average catastrophic forgetting (Table 5.5). Interpretability is 

enabled by leveraging 3D Grad-CAMs that provide insights into the functioning of 

crucial elements within the architecture and relate features extracted by the architecture 

to shape MAS's error features. The visual interpretability explanations and uncertainty 

estimates integrate confidence hence, enabling trust in black-box deep learning models. 

Scalability and interpretability are vital challenges that must be solved to enable 

widespread adoption of deep learning methodologies in industrial environments. 

Essential industrial application entails RCA of assembly processes of discrete 

components made of sheet metal parts used in automotive, aerospace or consumer 

products industries.  These applications will leverage the CLIP approach directly with 

the OSER approaches to enable scalable and interpretable root cause analysis. They 

will be especially beneficial for processes with a more significant number of parts and 

a larger number of assembly stations. The approach can also be leveraged for the 
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transfer of learning to different types of manufacturing processes such as stamping, 

machining and additive manufacturing that can be formulated using the proposed 

formulation of object shape error estimation for root cause analysis. This will lead to 

leveraging transfer and continual learning to other manufacturing processes that can be 

linked to assembly processes. Interpretability has been a significant barrier preventing 

the adoption and deployment of deep learning models in the industry. The 

interpretability elements proposed by the work aim to eliminate the barrier and integrate 

context and confidence to the estimates hence, enabling wider adoption. 
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6 Building a Quality Correction 

Framework for Assembly 

Systems using Deep 

Reinforcement Learning4 

6.1 Introduction 

Previous chapters have focused on building kernels to isolate RCs of object shape errors 

in MAS. This Chapter proposes a novel deep reinforcement learning-based kernel, 

OSEC, to mitigate RC of dimensional and geometric product shape errors by 

determining optimal CA(s). It leverages the DDPG algorithm to learn optimal process 

parameter correction policies based on isolated RCs and state estimates of MAS. These 

policies can be interpreted in engineering terms as sequential corrective adjustments of 

process parameters necessary to mitigate RCs of product shape errors. The approach 

has the capability to estimate adjustments of process parameters related to fixturing and 

joining while simultaneously accounting for (xi) Uncertainty of isolated RCs, (xii) Key 

Performance Indicator (KPI) improvement, (xiii) MAS design architecture; and, (xiv) 

MAS inherent stochasticity. The OSEC methodology leverages a novel reward function 

parametrised by user-defined NPI-coefficients that balance the trade-off between 

benefits and costs and enable application of the proposed approach throughout the NPI 

lifecycle. Benchmarking the methodology using an industrial, automotive cross-

member assembly system demonstrated a 40% increase in corrective actions’ 

effectiveness compared to current manual and SPC/APC based approaches. The 

contributions of the chapter can be summarized as follows: 

(1) Proposed a novel deep reinforcement learning-based OSEC approach that leverages 

a DDPG agent to mitigate object shape errors by learning CA policies that can map 

 

4 Based on Sinha, P. Franciosa, and D. Ceglarek, "Building a Quality Correction Framework for 

Assembly Systems using Deep Reinforcement Learning " in review, Journal of Manufacturing 

Systems, 2021. 
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isolated RCs and state of MAS to sequential process parameter adjustments (CA). The 

CA policy generates a functional nominal that simultaneously optimises for 

requirements such as RC uncertainty, KPI improvement, MAS design constraints and 

MAS inherent stochasticity. 

(2) Proposed a quantitative formulation for MAS correction that mathematically 

accounts for the (a) benefits of CAs provided due to RC elimination and cost/quality 

KPI improvement, (b) the costs incurred due to MAS reconfigurability and adjustment 

constraints, (c) MAS stochasticity due to incoming part and tooling variations and (d) 

the NPI stages of the MAS. The formulation proposes a novel correction reward 

function parametrised by user-defined NPI-coefficients, enabling the fulfilment of all 

CA requirements and providing capabilities for mitigating object shape error across all 

stages of the NPI and production lifecycle. 

(3) Verified and validated the methodology by implementing it on an industrial, 

automotive cross member assembly consisting of three stations, four non-ideal parts 

and twelve process parameters using a CAE simulator known as VRM [6]. 

(4) Conducted comprehensive benchmarking against the three groups of frameworks 

used for correction of MAS, that incudes (a) first group of approaches that map data to 

RCs and to CAs based on manual expertise (𝐶𝐴 = −𝑅𝐶), and (b) second and third 

group of approaches that directly map data to CAs (𝐶𝐴 = ∆𝑦) such as SPC/APC 

assuming a fixed design nominal and do not consider the NPI stage. The benchmarking 

highlights superior performance in terms of higher quality KPIs (RC elimination and 

reduction of object shape error), lower costs (penalty due to MAS reconfigurability and 

adjustment constraints) and quicker convergence to optimal CAs under varying levels 

of stochasticity (part and tooling variations). 

The rest of the chapter is organized as follows: Section 6.2 formulates the 

correction problem for MAS using the Markov decision process (MDP); Section 6.3 

discusses the OSEC methodology; Section 6.4 presents the industrial case study; and, 

finally, conclusions are summarized in Section 6.5. 
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6.2 Problem Formulation 

The application of OSEC requires the formulation of the correction problem as an MDP 

so that DDPG agent can be trained to perform CA. As stated in Chapter 4, the MAS 

(Fig.  4.1) can be represented as a process tree where different nodes correspond to 

stages within a single assembly station (Fig.  4.1a) or as stations within the assembly 

system (Fig.  4.1b). A station consists of four stages: positioning, clamping, fastening, 

and release (PCFR).  Object shape errors can be induced in any station by variations in 

one or multiple process parameter(s). These errors are propagated and accumulate in a 

non-additive manner [72][51]. At any given state, the variation in the process 

parameter(s) from the nominal is a source of shape error and is known as the RC(s) of 

the shape errors. CAs involve adjustments of controllable/reconfigurable process 

parameters to mitigate RCs of object shape errors. 

The object shape error response and RCA problem has been previously 

formulated in Chapter 4 (Section 4.2).  Within the formulation, stations in the MAS are 

represented by s: s= 1,… , 𝑁𝑠, where 𝑁𝑠 represents the total number of stations within 

the system and 𝑠:́  �́� = 1,2,3,4 represents the four stages within each station. 𝑠 = 4́  

represents the final stage of the assembly station. The MAS consists of 𝑛 incoming 

parts also known as objects that need to be assembled. Any object 𝑜: 𝑜 = 1,… , 𝑛 at its 

design nominal shape is characterised by a set of nominal points 𝑷𝒐 = {𝒑𝒐𝒌}, 𝑘 =

1, … , 𝑛𝑜, where 𝒑𝐨𝒌 is a vector consisting of the coordinates of the kth input point and 

𝑛𝑜 represents the total number of points on object 𝑜. 𝒅𝒐 = {𝒅𝒐𝒌} denotes the deviation 

of each point 𝑘 after the nominal object 𝑜 has gone through different stages of the 

process, 𝒅𝒐𝒌 is a vector comprised of deviations of each point in x, y and z axes on 

object 𝑜. As the object 𝑜 goes through multiple stations and stages within the stations, 

the set of points are represented as 𝑷𝒐
𝒔,�́�

 while 𝒅𝒐
𝒔,�́�

 represents the corresponding shape 

error. Object shape error for object 𝑜 after station s and stage �́� can be represented as: 

 𝒙𝒐
𝒔,�́� = (𝑷𝒐

𝒔,�́�, 𝒅𝒐
𝒔,�́� (6.1) 

where  𝒙𝒐
𝟎,𝟎 = (𝑷𝒐

𝟎,𝟎, 𝒅𝒐
𝟎,𝟎  represents the incoming non-ideal part inclusive of the part 
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variations. A subassembly of incoming parts after the stage �́� of station 𝐬 is represented 

as the set of objects (𝒙𝟏
𝒔,�́�, … , 𝒙𝒐

𝒔,�́�). The set of process parameters within the MAS are 

real-valued and represented by a vector 𝒚 for the total set 𝒉 of process parameters across 

the entire MAS. An assumption made in this chapter is that point cloud data is only 

collected at the end of MAS 𝒙𝑵𝒔,4 not at the end of intermediate stations 

{𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4}. This is known as end-of-line sensing [17]. This is generally the case 

with 3D scanners as they are expensive and have a high measurement time. Installing 

scanners at end-of-line ensures products can be measured without any interruption in 

the production line. 

OSER-MAS (Chapter 4) model learns a function using Bayesian 3D U-Net based 

Convolutional Neural Networks (CNN) and Computer-Aided Engineering (CAE) 

simulations that takes as input the combined object shape error at the end of the MAS 

𝒙𝑠=𝑁𝑠,�́�=4, i.e., after the last station of the MAS (𝑠 = 𝑁𝑠) and final stage (�́� = 4) of the 

station, and estimates the process parameters across the entire system 𝒚 with 

uncertainties 𝝈(𝐲)  and the object shape error for all objects at the last stage (�́� = 4) of 

all upstream stations (𝑠 = 1,2, … , 𝑁𝑠 − 1) collectively represented as 

{𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4}. Overall, the inputs and outputs of the RCA function 𝑓(. ) can be 

represented as:  

{𝒚, 𝝈(𝐲), 𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4} =  𝑂𝑆𝐸𝑅(𝒙𝑵𝒔,4) (6.2) 

The RCs are estimated as a subset of process parameters 𝑹𝑪 ⊆ 𝒚 and hence, are 

directly linked to the point cloud data by the OSER model. The model has capabilities 

to estimate one or multiple RCs. The Chapter assumes that the MAS is diagnosable 

(i.e., one or multiple RCs can be estimated based on input point cloud data collected) 

and the OSER model, i.e., the measurement data and model capability is sufficient such 

that all possible RCs (single RC or multiple RCs) can be discriminated. However, this 

may not always be the case as the data is collected only at the end of MAS (𝒙𝑵𝒔,4) (end-

of-line sensing) and distributed sensing approaches that collect data at multiple stages 

within the MAS may need to be used to ensure all RC combinations can be 

discriminated. For notation consistency, the dimension of the 𝑹𝑪 vector is the same as 
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the process parameter vector 𝐲, i.e., the total of ℎ process parameters and all process 

parameters that are not RCs are assumed at their nominal (considered zero for 

simplicity). This also translates into the process parameter uncertainty being equal to 

the RC estimation uncertainty 𝝈(𝐲) = 𝝈(𝐑𝐂).  

The Chapter extends the object shape error response formulation to leverage the 

outputs of the OSER RCA model as shown in (6.2) to define state, action and reward 

and formally formulate the correction problem as an MDP. Firstly, the state 

representation of the MAS 𝒔𝒕
𝑴𝑨𝑺 for time step (𝑡) is constructed for which the upstream 

shape errors {𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4} are consolidated into a fixed-length vector 𝒙𝒖𝒑𝒔𝒕𝒓𝒆𝒂𝒎 

using a dimensionality reduction function 𝑔(. ). The 3D CNN model as proposed in the 

OSER methodology (Chapter 3) is leveraged as 𝑔(. ) as this enables the extraction of 

local and global features from the upstream shape errors. The output after the last 

hidden layer with 64 nodes is leveraged as the consolidated shape error vector with 

dimension 64 for each set of shape errors. This is concatenated across all 𝑁𝑠 − 1 shape 

errors after all upstream stations and has a length of 𝑑 = 64 × (𝑁𝑠 − 1) 

 

𝒙𝒖𝒑𝒔𝒕𝒓𝒆𝒂𝒎 = 𝑔(𝒙𝟏,4, … , 𝒙𝑵𝒔−𝟏,4) (6.3) 
 

In practice, a time step (𝑡) corresponds to a sample of 𝒔𝒑 products rather than a single 

product, i.e., after a sample of 𝒔𝒑 objects that need to be assembled have gone through 

the respective stations and stages. At the end of this time step, the state (𝒔𝒕
𝑴𝑨𝑺) of the 

MAS is described by a consolidated set of estimated 𝑹𝑪𝒕, their estimation uncertainties 

𝝈(𝑹𝑪𝒕) and the consolidated set of all upstream shape errors 𝒙𝒕
𝒖𝒑𝒔𝒕𝒓𝒆𝒂𝒎

: 

 

𝒔𝒕
𝑴𝑨𝑺 = {𝑹𝑪𝒕, 𝝈(𝑹𝑪𝒕), 𝒙𝒕

𝒖𝒑𝒔𝒕𝒓𝒆𝒂𝒎
} (6.4) 

 

Where 𝑹𝑪𝒕 is vector of dimension ℎ corresponding to RCs within the MAS, 𝝈(𝑹𝑪𝒕) is 

a vector of dimension ℎ corresponding to the uncertainty in the respective RCs and 

𝒙𝒕
𝒖𝒑𝒔𝒕𝒓𝒆𝒂𝒎

 is a consolidated vector of all upstream shape errors as shown in (6.3). The 

𝑹𝑪𝒕 vector can also be augmented with other data collected from other sensors 

distributed across the MAS. This set is the Markovian representation of the MAS’s 
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current state that contains all information required (i.e., access to earlier states of the 

MAS is not required) for the agent to take a CA. 

Apart from the current state 𝒔𝒕
𝑴𝑨𝑺, the DDPG agent needs a reward signal to 

maximise while learning a CA policy (behaviour function that generates sequential 

process parameter adjustments) to estimate CA-value and determine optimal CAs 

(process parameter adjustments). A sequence of these CAs is known as an episode. The 

episode eventually terminates into states with negligible shape error. The reward should 

primarily account for the aforementioned four RC and MAS requirements (xi), (xii), 

(xiii), (xiv) and should be useable across all stages of the NPI lifecycle. The chapter 

formulates such as reward function by leveraging a set of NPI-coefficients 𝜹.  

The first part of the reward aims to quantify the benefits gained due to a CA 

taken at timestep 𝑡 (after observing 𝒔𝒑 products). This part also ensures that RC 

requirements (𝑟𝜹
𝑅𝐶, determined based on the NPI stage and coefficients 𝜹) are met and 

can be formulated as: 

𝑟𝜹
𝑅𝐶 = −(1 −  𝑹𝑪𝒕)

1

𝑘𝑛
∑𝐾𝑖(𝐾𝑃𝐼𝑛𝑜𝑚𝑖𝑛𝑎𝑙

𝑖 − 𝐾𝑃𝐼𝑡+𝑠𝑝
𝑖 )2

𝑘𝑛

𝑖=1

(6.5) 

𝑟𝜹
𝑅𝐶  quantifies the loss of 𝑘𝑛 KPIs deviating from their nominal 𝐾𝑃𝐼nominal across the 

system leveraging a Taguchi loss function [85]. Each KPI has a relevance coefficient 

𝐾𝑖 that accounts for the KPI importance and can be used as a measure for the sensitivity 

of the KPI to the overall cost or quality (cost of quality). The reward is discounted by a 

normalised uncertainty [0,1] factor  𝑹𝑪𝒕  which is a summation of uncertainty in all 

process parameters 𝝈(𝑹𝑪𝒕).  
𝑹𝑪𝒕  is 0 when uncertainty is below a minimum threshold 

and 1 when uncertainty is above the maximum threshold. This effectively translates 

into the reward being near zero for CAs taken when the estimated RCs are highly 

uncertain. Collectively this mathematically formulates req. (xi) Uncertainty of isolated 

RCs and req. (xii) KPI improvement. 

The next part of the reward aims to quantify the costs incurred due to a CA 
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being taken at timestep 𝑡 (after observing 𝒔𝒑 products). This part also ensures that MAS 

requirements (𝑟𝜹
𝐶𝐴 determined based on the NPI stage and coefficients 𝜹) are met and 

can be formulated as: 

𝑟𝜏
𝐶𝐴 = −(1 −  𝑹𝑪𝒕)𝝀

1

ℎ
∑𝐶𝑗(𝑦𝑡+𝑠𝑝

𝑗
− 𝑅𝐶𝑡 

𝑗
 
2

ℎ

𝑗=1

(6.6) 

𝑟𝜏
𝐶𝐴 quantifies the cost for violating req. (xiii) MAS design architecture by including a 

process parameter change penalty that penalises the agent from frequently changing ℎ 

process parameters. The negative of this term (−𝑟𝜏
𝐶𝐴) can also be interpreted as a MAS 

requirement penalty as it penalises the agent from taking frequent infeasible CAs that 

violate MAS reconfigurability constraints. Permitted reconfigurability of a MAS is 

measured by the degree of freedom for adjustments of various tools, the allowable 

ranges of adjustments and cost of one or multiple adjustments.  For consistency, each 

degree of freedom (DOF) for a given tool (e.g. pin-hole, pin-slot, or NC-block) is 

considered a unique process parameter. One or multiple of these process parameters 

can be adjusted if selected as a CA. Each process parameter 𝑦𝑗 can only vary between 

allowable limits [𝑦𝑚𝑖𝑛
𝑗

, 𝑦𝑚𝑎𝑥
𝑗

]. Any adjustment to a process parameter is associated with 

a cost coefficient (𝐶𝑗) which accounts for the costs of changing specific process 

parameters to correct RCs. Correcting RCs requires a sequence of CAs (episode). Each 

time a CA is performed within an episode, a cost proportional to the cost coefficient 𝐶𝑗 

is incurred.  High values of 𝐶𝑗 can be leveraged to constrain the agent from changing 

certain degrees of freedom for various process parameters.  The overall impact of 

penalty for changing process parameters is controlled by a MAS permitted 

reconfigurability coefficient (𝜆), which can be used to limit the frequency of CAs. This 

accounts for MAS constraints such as permitted maintenance duration and frequency. 

The coefficient also enables trade-off between the benefits (RC related requirements) 

and costs (MAS related requirements) of the reward function based on the current MAS 

reconfigurability.  To account for RC estimation uncertainty 𝑟𝜏
𝐶𝐴 is also multiplied by 

the uncertainty factor.  

The reward further accounts for req. (xiv) MAS system inherent stochasticity 
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due to incoming non-ideal part variations and tooling variations by allowing the agent 

to take CAs only after observing a maximum sample of products 𝒔𝒑 products rather 

than a single product. This is crucial as there are varying levels of stochasticity due to 

batch-to-batch variation in incoming parts. CAs determined based on previous batch 

stochasticity may be ineffective if the stochasticity variation pattern and magnitude has 

changed in subsequent batches. The sample size can be determined based on the 

required confidence interval [9]. High values of 𝒔𝒑 translate into increased confidence 

scores for MAS stochasticity but also into higher costs as more product samples would 

need to be measured. Overall, the reward function that the agent should maximise to 

determine CAs while accounting for the aforementioned requirements can be written 

as a combination of 𝑟𝜹
𝑅𝐶and 𝑟𝜹

𝐶𝐴 as: 

𝑟𝑡 = −(1 −  𝑹𝑪𝒕)

(

 
 
 
 

1

𝑠𝑝∗𝑘𝑛 ∑ ∑𝐾𝑖(𝐾𝑃𝐼𝑛𝑜𝑚𝑖𝑛𝑎𝑙
𝑖 − 𝐾𝑃𝐼𝑡+𝑠𝑝

𝑖,𝑝 )2

𝑘𝑛

𝑖=1

𝑠𝑝

𝑝=1

 

+

𝜆
1

ℎ
∑𝐶𝑗(𝑦𝑡+𝑠𝑝

𝑗
− 𝑅𝐶𝑡 

𝑗
 
2

ℎ

𝑗=1 )

 
 
 
 

(6.7) 

Lastly the set of NPI-coefficients 𝜹 is leveraged to account for the stage of the 

NPI lifecycle. The set 𝜹 consists of: 

𝜹 = {𝑲, 𝑪, 𝜆, 𝑠𝑝} (6.8) 

This includes set of relevant KPIs importance (𝑲), adjustment costs of reconfigurable 

process parameters (𝑪), MAS permitted reconfigurability (𝜆), maximum available data 

sample (𝑠𝑝). The NPI-coefficients enable continual tuning of the reward based on the 

stage of NPI lifecycle. As the MAS goes through the lifecycle the priorities of different 

requirements related to benefits and costs can change. Using a set of user-

parametrizable NPI-coefficients ensures that the CA methodology can be leveraged 

throughout the lifecycle by fine-tuning the NPI-coefficients based on requirements of 

the current stage. The coefficients are leveraged to adapt the reward function for agents 

to learn robust CA policies across different stages of the NPI lifecycle. Such examples 

for adaption are discussed in later sections. Intuitively in the design stage NPI 
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coefficients are selected to focus primarily on improving quality KPIs while during 

production stages importance is given to both cost and quality KPIs. 

Correction involves learning a deterministic CA policy 𝜋(. ) which is a function 

that maps the current MAS state 𝒔𝒕
𝑴𝑨𝑺 into a CA. The CA physically translates into a 

new set of process parameters (or functional nominal) 𝒚𝒕+𝒔𝒑, that can maximise reward 

𝑟𝑡  and eventually, eliminate the shape errors 𝒙𝑵𝒔,4. 

𝑪𝑨𝒕+𝒔𝒑 = 𝒚𝒕+𝒔𝒑 = 𝜋(𝒔𝒕
𝑴𝑨𝑺 (6.9) 

A 𝑪𝑨𝒕 taken by the DDPG agent corrects one or multiple process parameters within the 

allowable ranges that aim to maximize the overall reward. 

𝑪𝑨𝒕 = 𝒚𝒕+𝒔𝒑
(6.10) 

In summary, the correction of MASs can be formalised as a Markov Decision 

process where an environment 𝐸, i.e., MAS, can exist in a set of possible states. CAs 

are taken to correct the MAS to observe a real-valued reward 𝑟𝑡(𝒔𝒕
𝑴𝑨𝑺, 𝑪𝑨𝒕) that ensures 

that the aforementioned requirements are met. The Markovian property, i.e., the effects 

of an action taken in a state, depends only on that state and not on historical states, is 

applicable for the correction process. Within an episode of sequential CAs only the 

previous MAS state is considered while determining the CA. The overall reward 𝑅𝒔𝒕
𝑴𝑨𝑺

 

for a state 𝒔𝒕
𝑴𝑨𝑺 is defined as the cumulative discounted sum over the next T time steps 

where 𝛾 is the discount factor that discounts rewards in the future and gives higher 

weights to current rewards. As stated earlier, for correction of MAS, each timestep is a 

sample of 𝒔𝒑 products. 

𝑅𝒔𝒕
𝑴𝑨𝑺

= ∑𝛾(𝑖−𝑡)

𝑇

𝑖=𝑡

𝑟(𝒔𝒕
𝑴𝑨𝑺, 𝑪𝑨𝒕) (6.11) 

In practice, the MAS state and CAs are deterministic – each state and CA lead 

to a new state. The states are observable – the new state after a CA is known. The goal 

is to learn a CA policy 𝜋 using DDPG that generates optimal CAs 𝑪𝑨𝒕 based on the 

current MAS state 𝒔𝒕
𝑴𝑨𝑺 that maximises the expected reward 𝑅𝒔𝒕

𝑴𝑨𝑺
. 

6.3 Methodology: Object Shape Error Correction 

The OSEC aims to enable shape error correction in an end-to-end manner by first 
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leveraging RCA models to use manufacturing data (point clouds) to isolate RCs and 

estimate MAS state and then map the isolated RC and MAS state into effective and 

feasible CAs using DDPG within MDP setup. The overall approach includes steps to:  

(i) Isolate RCs and estimate MAS state: Involves point cloud data 𝒙𝑠=𝑁𝑠,�́�=4 collection 

using 3D scanners (6.1). Further RCs, RC uncertainties 𝝈(𝑹𝑪𝒕) and upstream shape 

errors 𝒙𝒕
𝒖𝒑𝒔𝒕𝒓𝒆𝒂𝒎

 are estimated using the OSER model (6.2). These collectively 

represent the MAS state 𝒔𝒕
𝑴𝑨𝑺 (6.4). 

(ii) Account for CA requirements (RC and MAS related): Involves defining the reward 

function 𝑟𝑡 (6.7) subject to RC uncertainty, MAS corrections constraints 

(reconfigurability) and inherent stochasticity (part and process variation). Further 

allocation of NPI-coefficients 𝜹 = {𝑲,𝑪, 𝜆, 𝑠𝑝} (6.8) is done based on the NPI and 

production stage to optimally trade-off the aforementioned requirements. 

(iii) Generate feasible and effective CAs: The correction problem is formulated as an 

MDP as described in the previous section to bound the scope of possible CA policies 

𝜋(𝒔𝒕
𝑴𝑨𝑺  (6.9) that can be learnt and enable the application of DDPG.  DDPG agent is 

leveraged as it can take as input real-valued multi-dimensional state estimates and 

output real-valued multi-dimensional CAs 𝑪𝑨𝒕+𝒔𝒑 (6.10). The DDPG architecture is 

optimized to enable the mapping of RCs to CAs based on the engineered reward 

function. This involves selecting the hyperparameters of the DDPG agent network 

architecture, matching the output layer nodes with the CA output dimension (i.e., 

adjustable process parameters) and selecting an exploration policy to comprehensively 

explore the performance of various CA policies. The DDPG agent is trained based on 

the engineered reward function to learn CA policies 𝜋 (6.9) that can generate feasible 

and effective CAs. Finally, the trained DDPG agent is deployed to obtain CAs for 

elimination of RCs within MAS. The steps are summarized in Fig.  6.1. 

 
Fig.  6.1. OSEC approach 
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6.3.1 Engineering Interpretation of CA Policies 

From a MAS engineering perspective, CAs are one or multiple process parameter 

adjustments generated sequentially by a CA policy that mitigates one or multiple RCs, 

leading to quality defects elimination and KPI improvement. Given a MAS with ℎ 

process parameters 𝒚 and no RCs, all values of 𝒚 are at their design nominal �̌� 

(considered 0 for simplicity). Generally, it is assumed that after designing the MAS, the 

MAS is a deterministic function 𝜙: ℝℎ → ℝ𝑘𝑛
 that maps ℎ process paramters to 𝑘𝑛 

KPIs (KPIs= 𝜙(𝒚)). The function 𝜙 is assumed to have a single optimum, i.e., nominal 

KPI performance when 𝒚 = �̌�. In the presence of RCs (𝑹𝑪𝒕 = 𝒚𝒕) the value of 𝒚 is 

estimated by using various RCA models (Chapter 4) or process sensors. A CA, i.e., a 

process parameter adjustment, is determined to eliminate the RC. Hence in a general 

case (i.e., a single optimum for the 𝜙 exist,  𝜙 is a deterministic assembly function with 

no constraints on 𝒚), there exists a one-to-one mapping between CAs and RCs such that 

RCs can be corrected and optimal KPI performance can be achieved by leveraging 

𝐶𝐴 = 𝒚 ̌−𝑹𝑪𝒕 = −𝑹𝑪𝒕 (6.12) 

This correction policy is known as Mean RC Estimates policy 𝜋0 which generates CAs, 

which are equivalent to the difference between the mean value of the RC 𝑹𝑪𝒕 and 

design nominal �̌�.  This policy is currently used in manual approaches and also in 

SPC/APC methods 𝐶𝐴 = 𝒚 ̌−𝒚𝒕 that aim to revert the process parameters to the design 

nominal.  

However, as outlined, CA and RC requirements pose various challenges in 

determining optimal CAs using 𝜋0 policy mapping. Firstly, given various RCA models 

use an estimator function to estimate 𝑹𝑪𝒕, this can result in a biased and high variance 

estimate of the actual value of RCs. This requirement is known as (xi) Uncertainty is 

isolated RC. OSER leverages Bayesian deep learning to estimate a distribution on 𝑹𝑪: 

[𝑹𝑪𝒕, 𝝈(𝑹𝑪𝒕)]. Generating CAs now requires mapping a distribution to process 

parameter adjustments (CAs). This means multiple CAs can now be mapped by 

drawing multiple samples from the RC distribution.  Using only the mean of this 

distribution will give lower convergence and will require a higher number of sequential 
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process adjustments to converge to the optimal CA that revert the system to �̌�. 

Alternatively, the proposed OSEC approach learns a policy 𝜋𝑂𝑆𝐸𝐶  aims to account for 

this by factoring in an uncertainty factor which results in the reward 𝑟𝜹
𝑅𝐶 =

−(1 −  𝑹𝑪𝒕)
1

𝑘𝑛
∑ 𝐾𝑖(𝜙(𝑹𝑪𝒕)

𝑖
− 𝜙(�̌�)

𝑖)2
𝑘𝑛
𝑖=1 . This ensures the agent is only rewarded for 

CAs when uncertainty in isolated RC is low; if the uncertainty in isolated RC is high, 

the agent is not rewarded irrespective of its CA. This introduces an ability to wait and 

observe more MAS states before the RC uncertainty increases and the respective CAs 

are assigned higher rewards.          

The other three requirements state that the assumed design nominal �̌�  may not 

be the value for optimal performance of 𝜙 and hence a functional nominal �̃� should be 

estimated, and then the CA should be determined as: 

𝐶𝐴 = �̃� −𝑹𝑪𝒕 (6.13) 

The goal of the OSEC CA policy 𝜋𝑂𝑆𝐸𝐶  is to also account for the remaining three 

requirements while estimating a functional nominal and then generate CAs. The 

requirements are accounted for as follows: 

(xii) KPI improvement: In practice, MAS systems are ill-conditioned, there may not 

exist a unique value �̌� that generates nominal performance for all KPIs. Multiple 

process parameter configurations can exist that would lead to local optimum for a subset 

of KPIs. OSEC aims to handle this by leveraging optimal relevant KPIs importance 𝑲 

for all KPIs. This constructs a weighted sum of KPIs, which can be maximized by 

estimating the functional nominal �̃� after which the CA can be determined using (6.13). 

(xiii) MAS design architecture entails that not all process parameter adjustments can be 

implemented due to constraints in MAS reconfigurability, production schedules and 

adjustment costs that limit the feasible space of CAs. In such scenarios, the CA that 

reverts the MAS to the design nominal �̌� may be infeasible to achieve in practice; hence 

a functional nominal �̃� that achieves similar KPI performance must be determined to 

estimate CAs (6.13). OSEC aims to leverage NPI-coefficients, namely adjustment costs 
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of reconfigurable process parameters 𝑪 and MAS permitted reconfigurability 𝜆 to 

penalize the agent from learning CA policies that output infeasible CAs. 

(xiv) MAS inherent stochasticity due to factors such as non-ideal part variations entails 

that a deterministic estimate of the MAS 𝜙: ℝℎ → ℝ𝑘𝑛
will not exist. Hence a unique 

value for �̌� cannot be determined. As 𝜙 varies due to change in batch-to-batch 

stochasticity, the optimal �̌� will also vary, which will result in CAs being ineffective 

under different stochastic variations. OSEC aims to learn CA policies that dynamically 

account for other system information apart from RCs such as upstream shape errors by 

augmenting the state information with upstream shape errors (𝒙𝒖𝒑𝒔𝒕𝒓𝒆𝒂𝒎) such that the 

state is represented as 𝒔𝒕
𝑴𝑨𝑺 = [𝑹𝑪𝒕, 𝝈(𝑹𝑪𝒕), 𝒙

𝒖𝒑𝒔𝒕𝒓𝒆𝒂𝒎]. It also aims first to observe a 

sample of 𝒔𝒑 products which provide estimates for current stochasticity and a 

confidence level before determining the functional nominal and the corresponding CA. 

Overall policies  𝜋0 and 𝜋𝑂𝑆𝐸𝐶  fundamentally differ on how CAs are generated. 

CAs generated by 𝜋0  aims to transition the MAS from the current process parameters 

(RCs) to the design nominal, while CAs generated by the OSEC policy 𝜋𝑂𝑆𝐸𝐶  aims to 

transition the system to a functional nominal that is determined by maximizing a 

combination of KPI improvement and MAS requirement penalty function within the 

allowable ranges of the process parameters [𝑦𝑚𝑖𝑛, 𝑦𝑚𝑎𝑥]: 

𝑚𝑎𝑥
𝑦 ∈ [𝑦𝑚𝑖𝑛, 𝑦𝑚𝑎𝑥]

(

 
 
 
 

−(1 −  𝒚𝒕)

(

 
 
 
 

1

𝑠𝑝∗𝑘𝑛
∑∑𝐾𝑖(𝜙(𝑹𝑪𝒕)

𝑖 − 𝜙(�̌�)𝑖,𝑝)2

𝑘𝑛

𝑖=1

𝑠𝑝

𝑝=1

 

+

𝝀
1

ℎ
∑𝐶𝑗(𝒚𝑡+𝑠𝑝

𝑗
− 𝑹𝑪𝑡 

𝑗
 
2

ℎ

𝑗=1 )

 
 
 
 

)

 
 
 
 

(6.14) 

If the effect of the aforementioned requirements is insignificant and the MAS 

requirement change penalty is zero (𝜆=0), then theoretically the functional nominal will 

be the same as the design nominal (�̌� = �̃�) and the policies will converge towards 𝜋0 

(6.12), i.e., restoring the MAS to the design nominal. Under conditions of RC 

uncertainty and MAS stochasticity the 𝜋0 CA policy might perform poorly but after 
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convergence 𝜋𝑂𝑆𝐸𝐶  will always perform as good as 𝜋0.  In summary CA policies must 

account for all these requirements related to benefits, costs, stochasticity and NPI stage 

to ensure effective and feasible CAs are implemented that simultaneously improve 

KPIs, reduce machine downtime and eliminate scrap in a cost-efficient manner.  

6.3.2 NPI-Coefficient Selection 

The first step before training DDPG agent is engineering the reward function (see (6.5), 

(6.6) and (6.7)) to account for MAS correction requirements. This involves selecting 

the values for the user-defined NPI-coefficients 𝜹 = {𝑲, 𝑪, 𝜆, 𝑠𝑝} based on MAS KPIs, 

reconfigurability constraints and stochasticity that are dependent on the stage of NPI 

and production lifecycle [1]. From a MAS engineering perspective, different stages of 

the lifecycle entail different levels of reconfigurability and stochasticity. E.g. during 

design and pre-production stages, the costs of correcting process parameters (CAs) are 

much lower than when this is done in production stages [1]. The chapter proposes 

guidelines for selecting NPI-coefficient 𝜹 values to optimally trade-off the importance 

of the requirements, costs and benefits through the design and production stages of the 

NPI lifecycle. 

Design Stage – During design, the MAS permitted reconfigurability is set to zero (𝜆 =

0) as the design is done virtually within CAE simulation models resulting in near-zero 

restrictions on process parameter adjustments. This sets the 𝑟𝜏
𝐶𝐴 = 0 and effectively 

changes the reward function to a weighted sum of improvement in KPIs multiplied by 

the RC uncertainty, thus, only focusing on the benefits and not the costs. The CA 

policies learnt with this reward aim to simultaneously maximise KPIs and minimise 

sensitivity to RCs (uncertainty in isolated RCs) within the allowable system 

reconfigurability (process parameter ranges) hence maximising product quality, 

process robustness and process resilience. Previous approaches [9] focused mainly on 

maximising KPIs under a predefined level of system stochasticity due to incoming part 

variations and tooling variations hence only maximising product quality and process 

robustness. Small values of 𝑠𝑝 ≈ [3,10] are leveraged to ensure that all the factors that 

induce stochastic variations in the MAS are considered. Large allowable ranges 
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[𝑦𝑚𝑖𝑛
𝑗

, 𝑦𝑚𝑎𝑥
𝑗

] are selected for all process parameters to allow for effective exploration 

of the design space. The adjustment costs of reconfigurable process parameters (𝑪) are 

not required given the MAS permitted reconfigurability is set to zero. The agent is then 

trained over various stochastic sources such as part variations, tooling variations and 

system noise to learn a CA policy that yields optimal process parameter adjustments 

across all stochastic variations of the MAS. 

Production Stage – To account for the substantial costs for adjusting process parameters 

during production stages [1], the MAS permitted reconfigurability can be fine-tuned 

within ranges 𝜆 = [0.1, 1] to allow for changes in process parameters only when the 

impact in KPI improvement is significant. Relatively larger values of  𝑠𝑝 ≈ [50,100] 

are leveraged to account for inherent MAS stochasticity. The relevant KPIs importance 

(𝑲) and adjustment costs of reconfigurable process parameters (C) can be selected 

based on the MAS design architecture and constraints. In this scenario, CAs for only 

those process parameters that have a low-cost coefficient 𝐶𝑗 would be estimated. 

Process parameters that cannot be changed during production have high values of  𝐶𝑗. 

The allowable ranges [𝑦𝑚𝑖𝑛
𝑗

, 𝑦𝑚𝑎𝑥
𝑗

] for adjustable process parameters is limited based 

on the permissible design tolerance, which is relatively smaller than the ranges during 

design given the process constraints. The NPI-coefficients (𝜹) can be further fine-tuned 

such that CA policies achieve a good trade-off between RC requirements (benefits) 

(𝑟𝜏
𝑅𝐶) and MAS requirements (costs) (𝑟𝜏

𝐶𝐴). Table 6.1 summarizes the guidelines to 

select values of the NPI-coefficients based on the NPI stage. After selecting NPI-

coefficients CA policies bound by the MDP assumption are learnt using DDPG and the 

engineered reward function. 

Table 6.1. NPI-Coefficient Selection 
 NPI Stage 

NPI-Coefficient Design Production 

Relevant KPIs importance (𝑲) 
High importance to 

quality 
Importance to both cost and 

quality 

Adjustment costs of reconfigurable 
process parameters (𝑪) 

No adjustment costs  
High adjustment costs based on 

MAS constraints 
MAS permitted reconfigurability 

(𝜆) 
High reconfigurability: 

𝜆=0 
Limited reconfigurability:  

𝜆= [0.1,1] 
Maximum available data sample 

(𝑠𝑝) 
Small sample sizes: 

[3,5]−[5, 10]  
Large sample sizes: [50,100] 
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Prototype batches 
available at design stage 
between early and more 
mature design 

As a rule of thumb production 
volume between breaks; often 
equals to 2 hours of production 

6.3.3 Deep Deterministic Policy Gradient (DDPG) 

DDPG is a model-free, off-policy actor-critic algorithm [169] that leverages neural 

networks to learn approximate CA policies 𝜋 and CA-value (Q-value) functions 𝑄𝜋 in 

multi-dimensional real-valued CA spaces. The algorithm leverages the deterministic 

policy gradient (DPG) framework and approximates the CA policy function using a 

neural network known as the actor and CA value function using a neural network 

known as the critic. The actor estimates a CA while the critic generates the 

corresponding Q-value (expected reward) for the CA. Key insights from Deep Q-

Networks (DQN) [37], such as samples from a replay buffer to train the network off-

policy minimising correlations and using target networks, are leveraged to give 

consistent targets during temporal difference updates. The DPG algorithm leverages an 

actor (𝜇) parametrised by weights and biases of a neural network (𝜃𝜇) which generates 

the current CA policy by a learning a deterministic mapping from the current state 

(RCs) to the CAs 𝜇(𝒔𝒕
𝑴𝑨𝑺|𝜃𝜇). The critic network takes as input the CA and the state 

𝑄(𝒔𝒕
𝑴𝑨𝑺, 𝑪𝑨𝒕|𝜃

𝑄) to generate the value of the current CA policy.  

The CA action-value (Q-value) function is used to describe the expected return 

after taking an CA 𝑪𝑨𝒕 in state 𝒔𝒕
𝑴𝑨𝑺 and following the given CA policy 𝜋: 

𝑄𝜋(𝒔𝒕
𝑴𝑨𝑺, 𝑪𝑨𝒕 = Ε𝑟𝑖≥𝑡,𝑠𝑖≥𝑡~𝐸,𝐶𝐴𝑖≥𝑡~𝜋[𝑅𝑡|𝒔𝒕

𝑴𝑨𝑺, 𝑪𝑨𝒕] (6.15) 

The Q-value can also be represented recursively using the Bellman’s equation. Given a 

target deterministic policy Bellman’s equation can be expressed as: 

𝑄𝜇(𝒔𝒕
𝑴𝑨𝑺, 𝑪𝑨𝒕 = Ε𝑟𝑡,𝒔𝒕+𝒔𝒑

𝑴𝑨𝑺 ~𝐸[𝑟(𝒔𝒕
𝑴𝑨𝑺, 𝑪𝑨𝒕 + 𝛾𝑄𝜇 (𝒔𝒕+𝒔𝒑

𝑴𝑨𝑺 , 𝜇 (𝒔𝒕+𝒔𝒑
𝑴𝑨𝑺))] (6.16) 

Given 𝑄𝜇 is only dependent on the stochasticity of the environment; it is learnt off-

policy using transitions generated from a different stochastic behaviour policy 𝛽. The 
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loss function minimised to optimise the parameters 𝜃𝑄 of the critic is expressed as: 

𝐿(𝜃𝑄) = Ε𝑠𝑡~𝛽,𝐶𝐴𝑡~𝛽𝑟𝑡~𝐸
[(𝑄(𝒔𝒕

𝑴𝑨𝑺, 𝐶𝐴𝑡|𝜃
𝑄 − 𝒑𝒕 

2
] (6.17) 

The term is known as temporal differencing (TD) error, where  

𝒑𝒕 = 𝑟(𝒔𝒕
𝑴𝑨𝑺, 𝐶𝐴𝑡 + 𝛾𝑄 (𝒔𝒕+𝒔𝒑

𝑴𝑨𝑺 , 𝜇 (𝒔𝒕+𝒔𝒑
𝑴𝑨𝑺) |𝜃𝑄) (6.18) 

The loss function (6.17) is minimized iteratively to train the critic. 

Simultaneously after updating the critic parameters, the actor parameters 𝜃𝜇 are 

updated to obtain policy 𝜋 by applying the policy gradient theorem to the training 

objective 𝐽 [169] and obtaining the gradient for actor parameters 𝜃𝜇 as: 

∇𝜃𝜇𝐽 = Ε𝑠𝑡~𝛽
[∇𝜃𝜇𝑄(𝒔𝒕

𝑴𝑨𝑺, 𝐶𝐴𝑡|𝜃
𝑄 |

𝑠=𝒔𝒕
𝑴𝑨𝑺,𝑎=𝜇(𝒔𝒕

𝑴𝑨𝑺
|𝜃𝜇)

] (6.19) 

The parameter update while training the actor and critic is done by gradient descent 

based models such as the Adam [185], which assume that observations are 

independently and identically distributed (IID). This is not the case when MAS state, 

CA and reward samples are sequentially generated and temporally correlated. Various 

techniques are leveraged to stabilise the learning process. (i) A replay buffer  [37] is 

leveraged, which consists of a finite-sized cache and stores sequential transitions from 

the MAS environment. A transition is quantified as a tuple of the MAS state, CA, 

reward and resulting state (𝒔𝒕
𝑴𝑨𝑺, 𝑪𝑨𝒕, 𝑟𝑡, 𝒔𝒕+𝒔𝒑

𝑴𝑨𝑺). While training, a random minibatch is 

uniformly sampled from the buffer. This minibatch consists of temporally decorrelated 

samples and hence aids to stabilize training. As the replay buffer is full, the oldest 

transitions are discarded in a First In First Out (FIFO) setting. (ii) Target critic and actor 

networks [37] are also used to account for the divergence issue caused as the critic 

network 𝑄(𝑠, 𝑎|𝜃𝑄) being updated is also used in calculating the target value. The 

weights of the target networks are constrained to update slowly compared to the learned 

networks: 
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𝜃′ ← 𝜏𝜃 + (1 − 𝜏)𝜃′ (6.20) 

where 𝜏 ≪ 1. Although this slows the learning process in terms of the propagations of 

the value estimations, there is a significant increase in learning stability and a decrease 

in the sensitivity to actor-critic network architecture hyperparameters.  

Learning in multi-dimensional real-valued action spaces also requires an 

effective exploration of different CA policies that can generate feasible and effective 

CAs under the aforementioned requirements. Given the off-policy nature of DDPG, an 

exploration policy 𝜇′ independent of the learning algorithm is chosen: 

𝜇′(𝒔𝒕
𝑴𝑨𝑺 = 𝜇(𝒔𝒕

𝑴𝑨𝑺|𝜃𝑡
𝜇
 + 𝒩 (6.21) 

Where 𝒩 is generated using an Ornstein-Uhlenbeck process [223] that generates 

temporally correlated noise, the generated noise is added to corrective action estimated 

by the actor-network, which is then leveraged for transition and generation of the next 

state. This serves as an effective exploration strategy 𝛽 for CA policies. The exploration 

ensures that the agent can search and test various CAs, observe the generated rewards 

that account for MAS benefits, costs, stochasticity and NPI stage and finally learn CA 

policies that generate CAs that are effective and feasible given the current state of the 

MAS. 

6.3.4 DDPG Actor-Critic Network Optimization & Training 

The performance of DDPG to generate feasible and effective CAs is heavily dependent 

on careful hyperparameter optimization of the actor and critic networks (Fig.  6.2). The 

chapter uses the original architecture as a baseline [169] and optimises it to enable CA 

estimation. The actor network 𝜇 that estimates the CA policy function is optimized to 

contain two dense hidden layers with 128 and 64 hidden nodes with ReLU activations. 

The output layer of the actor is modified to have neurons equal to the 𝑪𝑨𝒕 dimension, 

i.e., the number of controllable/adjustable process parameters 𝒚. The output layer 

leverages Tanh activation to bound the CA within the process parameter allowable 

limits. 
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The optimised critic network 𝑄 (action-value network) consists of two heads 

with 128 and 64 nodes that input the state 𝒔𝒕
𝑴𝑨𝑺 and action 𝑪𝑨𝒕. These are concatenated 

and given as input to the next layer with 64 nodes with ReLU activation. The output 

layer consists of a linear activation and estimates the CA value for the MAS state and 

CA 𝑄𝜋(𝒔𝒕
𝑴𝑨𝑺, 𝑪𝑨𝒕  (6.15).  

Further optimizations are done to enable robust and stable learning. Batch 

normalization is leveraged as this scales all features to have similar ranges and 

minimises covariance shift in the deep networks as each layer within the network 

receives a whitened input [169]. A replay buffer of size 105 is leveraged with a 

minibatch size of 64. This converts sequential samples from consecutive states into near 

independent and identically distributed samples, reducing divergence for actor-critic 

network parameters during training. Initializations of final layer weights were done 

within small ranges [−3 × 10−3, 3 × 10−3] to ensure that initial CAs and values of 

CAs were near zero to enable quicker learning, especially during initial training stages. 

The MAS state vector 𝒔𝒕
𝑴𝑨𝑺 is scaled between [−1,1], and the reward 𝑟𝑡 is scaled 

between [0,1]. Such scaling is crucial for the network to train comparatively faster and 

reduce the risk of divergence. The Adam [185] with learning rate 𝛼 = 0.001 is used for 

training. The discount factor is set to 𝛾 = 0.5 (6.18) to give higher importance to current 

CAs (myopic agent). 𝜏 = 0.01 (6.20) is used for soft target updates. The action 

exploration temporally correlated noise is generated using the Ornstein-Uhlenbeck 

process with 𝜃 = 0.15 and  = 0.2 (6.21). Each episode is run until termination. 

Episodes are terminated when the difference in KPI compared to the nominal is below 

a pre-determined threshold. A maximum of 500 training runs are done for each episode 

to account for the computer-aided engineering (CAE) simulation [6] time and 

computational budget constraints. Testing is done after training for 200 episodes at an 

interval of 20 episodes. VRM [6] is used as the CAE environment for training. The 

work has been implemented using Python 3.7 and TensorFlow - GPU 2.1. A python 

library [187] has been developed to validate and replicate the results of the 

methodology. Two Nvidia Tesla V100 32 GB GPUs are used for model training and 

deployment. 
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Fig.  6.2. DDPG agent 

6.3.5 Application Framework: OSEC Deployment 

After training, the actor of the DDPG agent is deployed within the MAS (Fig.  6.3). The 

overall steps within the deployment framework include:  

(i) Product assembly: the physical MAS assembles 𝑠𝑝 products,  

(ii) Collect point cloud data: point cloud data for the products are collected at the end 

of the MAS using a 3D scanner and processed into object shape error data 𝒙𝒔=𝑵𝒔,�́�=4 

(6.1),  

(iii) Isolate RC and estimate MAS state: based on the object shape error data, the RCs 

are isolated and the MAS state 𝒔𝒕
𝑴𝑨𝑺 is estimated using previously proposed OSER 

models (see (6.2), (6.3) and (6.4)),  

(iv) Correct MAS using trained DDPG model: the actor 𝜋(𝒔𝒕
𝑴𝑨𝑺  (CA policy function) 

estimates feasible and effective CAs 𝑪𝑨𝒕 (process parameter adjustment) (see (6.9) and 

(6.10)). The process parameter adjustment values are given as input to process 

controllers or maintenance is scheduled.  
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The CA policies generate new process parameter values known as the functional 

nominal, which can be interpreted as the value of process parameters that maximizes 

MAS KPIs given the current level of stochasticity while accounting for the constraints 

and costs. This may be different from the design nominal as this is learnt dynamically 

given the MAS’s current state, while the design nominal is pre-determined based on 

limited modelling of all possible physical interactions.  Current SPC/APC assume that 

the design nominal is permanently fixed and gives the best performance. CAs using 

these approaches only minimise the difference between current process parameters 

values and the design nominal. However, such CAs are frequently ineffective and 

infeasible to implement.  

It should be noted that the agent does not perform control actions; instead, it 

behaves as an enabler by generating the process parameter adjustment (functional 

nominal) for the process controller/maintenance. This is also known as the process 

parameter setpoint and is generally assumed to be the design nominal in SPC/APC 

literature. Conventional controllers perform the task of going from the current process 

parameter to the new process parameter setpoint under process disturbances while 

minimising delay and overshoot. Using the controller also ensures an additional layer 

of safety and stability while correcting process parameters. Before deploying the agent 

in physical MAS, extensive testing should be carried out in the simulation environment 

(VRM) to ensure that CA policies have converged. During the initial stages, a human 

within-the correction loop can also be leveraged to ensure that the CA policy is safe 

and stable. The chapter leverages VRM as the simulation environment for both training 

and deployment. The overall framework for training and deployment of the DDPG 

based OSEC approach is summarized in Fig.  6.3.  
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Fig.  6.3. OSEC training and deployment framework 

6.4 Case Study 

6.4.1 Experimental Setup 

For verification and validation of the OSEC approach, an industrial, automotive cross 

member assembly is selected. It consists of 𝑛 = 4 non-ideal compliant parts, namely, 

pocket, pocket reinforcement, cross member and cross member reinforcement (Fig.  

6.4) and 𝑁𝑠 = 3 stations, with each station consisting of four stages (Fig.  4.6). The 

assembly is controlled by ℎ = 12 process parameters 𝑦1, 𝑦2, … , 𝑦12 (Table 6.2). The 

upstream shape errors are consolidated into a fixed-length vector 𝒙𝒖𝒑𝒔𝒕𝒓𝒆𝒂𝒎 with 

dimensionality 𝑑 = 64 × (𝑁𝑠 − 1) = 128 (6.3). The overall state vector 𝒔𝒕
𝑴𝑨𝑺 (6.4) 

consists of 𝒙𝒖𝒑𝒔𝒕𝒓𝒆𝒂𝒎 and 𝑹𝑪: {𝑦1, 𝑦2, … , 𝑦12} and has a dimensionality of ℎ + 𝑑 =

140. The CA space 𝑪𝑨𝒕: {𝑦
5, 𝑦6, … , 𝑦12} (6.10) has a dimensionality equal to the 

number of adjustable process parameters (8 process parameters). The CA policy learnt 
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for this case study will account for all the aforementioned requirements: (xi) 

Uncertainty in isolated RC as the state estimation OSER model will estimate 

uncertainties with the RCs (6.2); (xii) KPIs improvement (benefits) related to shape 

error of the final assembly; (xiii) MAS system design architecture (costs) as frequent 

changes are not permissible depending on the stage of the NPI cycle. Additionally, 

process parameters have different costs and range of allowed readjustments; (xiv) MAS 

system inherent stochasticity given the incoming part variations within non-ideal parts 

as induced by uncontrollable (stochastic) process parameters 𝑦1, 𝑦2, 𝑦3, 𝑦4.  

 

Fig.  6.4. Cross member assembly 

Each training step consists of 𝑠𝑝 samples being generated. Each episode is run 

until the maximum number of training steps are reached, or the terminal state is reached. 

Terminal state within each episode is defined when the mean absolute shape error of 

the final assembly across 𝑠𝑝 samples are below the set threshold set as 0.05 mm, as 

variations more minor than this are not detectable by the 3D scanner. The goal within 

all scenarios is to learn CA policies that can adjust one or multiple process parameters 

sequentially and take the MAS from any state (i.e., state with one or multiple RCs) that 

has significant shape error to a terminal state (i.e., state with no RCs) where the shape 

error is below the threshold. An episode is terminated if the terminal state is not reached 

after 500 training steps, i.e., a total of 500 ∗ 𝑠𝑝 product samples. This termination 

criterion is introduced to limit the VRM CAE simulation time. As each computation 

can take up to five minutes for computation, allowing the training to run without a hard 

stopping criterion will require more time and computation resources.  
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Table 6.2. Process Parameters Description 

Process Parameter Description Type 

𝑦1, 𝑦2, 𝑦3, 𝑦4 Part variation parameters Uncontrollable (stochastic)  
𝑦5 Pin-slot displacement in x Controllable (action) 
𝑦6 Clamp 1 displacement in y Controllable (action) 
𝑦7 Clamp 2 displacement in y Controllable (action) 
𝑦8 Clamp 3 displacement in z Controllable (action) 

𝑦9 Clamp 4 displacement in y Controllable (action) 
𝑦10 Clamp 5 displacement in y Controllable (action) 
𝑦11 Clamp 6 displacement in y Controllable (action) 
𝑦12 Clamp 7 displacement in y Controllable (action) 

6.4.2 Application Scenarios 

As described in Section 6.3.2, different values of the NPI-coefficients are leveraged to 

engineer the reward function of the proposed OSEC DDPG approach for the correction 

of MAS. The chapter applies the framework for three scenarios:  

(i) Scenario 1 (Design Stage) – To leverage OSEC during design stages, the MAS 

permitted reconfigurability 𝜆 = 0 is set to zero as the design is done within CAE 

simulations. The absolute value of shape errors after the final station is considered as 

the KPIs. A maximum sample size of 𝑠𝑝 = 10 is leveraged. The reward function for 

this scenario can be written as: 

𝑟𝑡 = −(1 −  𝑹𝑪𝒕)(
1

𝑠𝑝∗𝑘𝑛 ∑ ∑(|𝒙𝒊,𝒑
3,4|)2

𝑘𝑛

𝑖=1

𝑠𝑝

𝑝=1

) (6.22) 

The relevant KPI importance for shape error across all points is assumed constant and 

equal to 1. 𝑘𝑛 consists of all points across the assembly, 𝑘𝑛 = 𝑛1 + 𝑛2 + 𝑛3 + 𝑛4 =

10841. The process parameter ranges for CAs are set as [-4 mm, 4 mm] for all process 

parameters for efficient exploration of design space. 

(ii) Scenario 2 (production stage and medium reconfigurability) – To leverage OSEC 

during production stages, the MAS permitted reconfigurability of 𝜆 = 0.5 and 

maximum sample size of 𝑠𝑝 = 30 is leveraged. The reward function is: 
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𝑟𝑡 = −(1 −  𝑹𝑪𝒕)((
1

𝑠𝑝∗𝑘𝑛
∑∑(|𝒙𝒊,𝒑

3,4|))2

𝑘𝑛

𝑖=1

𝑠𝑝

𝑝=1

) + 𝝀
1

ℎ
∑𝐶𝑗(𝑦𝑡+𝑠𝑝

𝑗
− 𝑅𝐶𝑡 

𝑗
 
2

ℎ

𝑗=1

) (6.23) 

The process parameter ranges for CAs is set as [-1 mm, 1 mm] for all process 

parameters as the flexibility to change process parameters is limited during production 

stages. The adjustment costs for 𝑦5  is set to 𝐶1 = 0.7 while all others it is set to 𝐶𝑗 =

0.9 𝑗 = {2,3… ,8} as costs related to changing clamps are higher than adjustments for 

pin-slot. All other NPI-coefficients are the same as for Scenario 1. 

(iii) Scenario 3 (production stage and low reconfigurability) – Further to leverage 

OSEC during production stages for MAS that cannot be reconfigured significantly, the 

MAS permitted reconfigurability is set to 𝜆 = 1 so that process parameters are only 

adjusted only when the effect on KPI is significant. A maximum sample size of 𝑠𝑝 =

40 is leveraged to ensure changes are only done after observing a significantly large 

number of products. The process parameter ranges for CAs are set as 

[-0.5 mm, 0.5 mm] for all process parameters as these are permissible tolerance limits 

during production stages. The reward function and remaining NPI-coefficients are the 

same as for Scenario 2. 

6.4.3 Results 

Ten training trials are done for the actor-critic DDPG network, each with 500 episodes. 

To reduce sensitivity to initial parameters, all trails use the same seed for initialization. 

Testing is done for 200 episodes. The exploration policy is not used while testing. The 

agent can successfully learn optimal CA policies for all scenarios. The overall average 

metrics of the ten trials for all three scenarios are summarised in Table 6.3 and Fig. 6.5 

summarises the normalised averaged reward for all ten trials while training in all three 

scenarios. Fig.  6.6 summarises the average training steps per episode while training for 

all ten trials. The failed episodes quantify the percentage of test episodes that did not 

go below the required threshold after 500 steps. 
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Table 6.3. OSEC Results 

 
 Scenario 1 Scenario 2 Scenario 3 

NPI stage Design Production 

Reconfigurability 
High reconfigurability 

𝜆 = 0 

Medium 

reconfigurability 

𝜆 = 0.5   

Low reconfigurability 

𝜆 = 1   

 Mean SD Mean SD Mean SD 

Total training time 87.6 hrs 5 hrs 255.3 hrs 8 hrs 369.14 hrs 16 hrs 

Average training steps per 

episode 
57 8 61 12 74 20 

% Failed episodes 2.1% 0.3% 4.3% 0.6% 5.1% 1.1% 

Normalized test reward 0.97 0.05 0.79 0.08 0.68 0.12 

Test mean absolute shape error 0.2 mm 0.05 mm 0.17 mm 0.04 mm 0.11 mm 0.03 mm 

The results demonstrate how CA policies differ across different stages of the 

NPI lifecycle. CA policies during design (Scenario 1) converge faster with lesser 

number of CAs per episode as compared to CA policy during production (Scenario 2). 

This is because the MAS requirements are significant during production stages 

resulting in the requirement of higher number of CAs to reduce shape error below the 

required threshold.  Further comparison between Scenario 2 and 3 demonstrates the 

difference in CA policies under different MAS permitted reconfigurability.  The final 

reward for Scenario 3 is lower given the high penalty for MAS related requirements as 

the MAS permitted reconfigurability is minimum in Scenario 3. This also results in 

Scenario 3 having the highest failure rate of 5.1% due to the high MAS penalty (low 

reconfigurability) which prohibits the agent from frequently changing process 

parameters even during situations when the shape error is above the minimum 

threshold. 
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Fig.  6.5. Training reward per episode 

 

 
Fig.  6.6. Training steps per episode 

The estimated CA policies provide the required CAs (process parameter 

adjustments) to significantly reduce shape errors. After training, the process parameter 

adjustments for CA policies are analysed across all three scenarios. The policies learnt 

in Scenario 1 converge to terminal states much faster due to zero MAS requirement 

penalty, while Scenarios 2 and 3 take more steps to converge to the terminal states given 

CAs have to be sequentially generated while ensuring that the MAS requirements costs 

do not dominate the KPI improvement and RC elimination benefits.   
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Figs. 6.7, 6.8 and 6.9 summarises the behaviour of agent when incoming 

stochasticity i.e.  𝑦1, 𝑦2, 𝑦3, 𝑦4 follow a normal distribution with 𝜇 = 0 𝑚𝑚,  =

0.1 𝑚𝑚. CA taken by the agents ensure that all process parameters 𝑦5, . . . , 𝑦12 can 

converge at the functional nominal where the shape error is minimum, although with 

different number of steps and within different ranges. The object shape error outputs 

after different steps for the policies learnt for all scenarios are shown in Fig.  6.10, Fig.  

6.11 and Fig.  6.12. 

 

 
 

Fig.  6.7. Scenario 1 policies 

 
 

Fig.  6.8. Scenario 2 policies 
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Fig.  6.9. Scenario 3 policies 

 

 
Fig.  6.10. Object shape error outputs for Scenario 1 policies 
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Fig.  6.11. Object shape error outputs for Scenario 2 policies 

 
Fig.  6.12. Object shape error outputs for Scenario 3 policies 

6.4.4 Benchmarking 

Scenario 3 is selected as benchmarking scenario, given that the NPI-coefficients for the 

reward function selected for this scenario ensure all requirements are taken into 

account. This scenario consists of cases in which 𝑅𝐶 ≠ 𝐶𝐴𝑠 given less MAS permitted 

reconfigurability (𝜆 = 1) which translated into CAs not being feasible to implement. 

Additionally, varying levels of incoming part variations are considered which result in 

CAs that are generated using a fixed design nominal being ineffective. The 

benchmarking of the OSEC CA policy is done against three CA policies, namely:  

(i) Mean RC estimates 𝜋0 – in this, the process parameters are changed based on the 

13
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estimated mean value of the process parameter 𝒚 (RC) by the OSER model (6.2). The 

difference between the design nominal and mean RC is estimated as the CA. This is 

case for first group of approaches that map data to RCs and to CAs based on manual 

expertise (𝐶𝐴 = −𝑅𝐶) 

(ii) SPC/APC based approaches 𝜋1(DDPG with basic KPI improvement reward) – in 

this, DDPG with the same architecture as proposed in the chapter is leveraged, but the 

reward function is limited to KPI improvement 𝑟𝑡 = −( 1

𝑠𝑝∗𝑘𝑛 ∑ ∑ (|𝒙𝒊,𝒑
3,4|)2𝑘𝑛

𝑖=1
𝑠𝑝
𝑝=1 ) 

(i.e., requirement (ii)). Other requirements such as RC uncertainty, MAS constraints 

and stochasticity are not considered. This case is the upper bound for second and third 

group of approaches that directly map data to CAs (𝐶𝐴 = ∆𝑦) such as SPC/APC 

assuming a fixed design nominal and do not consider the NPI stage. 

(iii) OSEC 𝜋𝑂𝑆𝐸𝐶  (DDPG with reward engineering) – in this, the proposed DDPG agent 

and the engineered reward function consisting of the NPI-coefficients (6.7) accounting 

for all requirements is leveraged to learn the policy. The difference between the 

functional nominal as estimated by the CA policy and the current value of the process 

parameter (RC) is estimated as the CA.  

For the testing of all three CA policies, 300 episodes are run until the terminal 

criteria of shape error (KPI) being below the threshold or the maximum number of steps 

(computational budget) is reached. For each episode, the stochastic non-ideal part 

variation parameters 𝑦1, 𝑦2, 𝑦3, 𝑦4 follow a normal distribution with a randomly 

sampled mean between [-1 mm, 1 mm] for each episode while the standard deviation 

is always fixed at 0.1 mm. The initial values for all process parameters are randomly 

sampled between the allowable ranges [-0.5 mm, 0.5 mm]. Comparison is made for 

key benchmarking metrics, namely: (i) mean absolute object shape error (quality KPI) 

across all episodes, this quantifies the benefits of the CA policies; (ii) mean MAS 

requirement penalty across all episodes, this quantifies the costs (in terms of process 

parameter adjustments) of the CA policies to get the KPI below the required threshold; 

(iii) mean steps per episode this quantifies the converge as the number of sequential 

adjustments (CA) to get the KPI below the required threshold; and, (iv) percentage of 
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failed episodes that did not converge, i.e. shape error was still beyond the threshold 

after the maximum number of steps. The results are summarised in Table 6.4.  

The OSEC policies perform better across all benchmarking metrics. The overall 

mean absolute shape error (quality KPI) is limited to 0.14 mm as compared to 1.2 mm 

for mean RC estimates change policy (first group of approaches) and 0.35 mm for 

SPC/APC based approaches (second and third group of approaches).  The cost in terms 

of MAS requirement penalty is also limited to 0.25 mm for the OSEC CA policy as 

compared to 0.64 mm for SPC/APC approaches, highlighting the ability of the policy 

to estimate functional nominals that maximize KPI performance under the current level 

of stochasticity and are within the MAS reconfigurability constraints. The mean steps 

per episode is lower for SPC/APC CA policy as compared to OSEC CA policy given it 

assumes a fixed design nominal, but it has a high failure rate of 21.5%, which is caused 

by CAs that are ineffective when applied given the varying levels of stochasticity. The 

OSEC CA policy estimates a functional nominal under the given level of stochasticity 

hence resulting in a failure rate of only 6.2%. This ensures that the effective 

convergence of the CA policy under varying levels of stochasticity is better than other 

groups of approaches. Overall, the OSEC policies give a higher and robust performance 

by giving higher quality KPI improvement (shape error reduction) and lower MAS 

penalty costs while converging faster under varying levels of stochasticity. 

Table 6.4. Benchmarking 

Benchmarking Metric 

Mean absolute 

shape error 
(Quality KPI: Object 

Shape Error) 

Mean MAS 

penalty 
(Costs) 

Mean steps 

per episode 
(Convergence) 

% 

Failed 

episodes 
Policy 

Mean 

(mm) 

SD  

(mm) 

Mean 

(mm) 

SD 

(mm) 

Mean RC estimates (𝜋0) 

(i) no DDPG 
(ii) 𝐶𝐴 = −𝑅𝐶 

1.2 0.47 0.79 0.33 380 64% 

SPC/APC based approaches (𝜋1) 

(i) DDPG agent with basic KPI improvement 

     reward 
(ii) 𝐶𝐴 = ∆𝑦 

0.35 0.11 0.64 0.24 230 21.5% 

OSEC (𝜋𝑂𝑆𝐸𝐶) 

(i) DDPG agent with engineered reward 

(ii)𝐶𝐴 = 𝜋(𝑠𝑡
𝑀𝐴𝑆) 

0.14 0.06 0.25 0.12 270 6.2% 
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6.5 Conclusions 

The chapter presented a deep reinforcement learning-based methodology, Object Shape 

Error Correction (OSEC), for multi-station assembly systems, to mitigate root cause(s) 

of dimensional and geometric product shape errors. It leverages Deep Deterministic 

Policy Gradient and formulates a reward function parametrized by NPI-coefficients that 

enable mitigation of shape errors throughout the NPI and production lifecycle. It 

enables estimating real-valued corrective actions while accounting for root cause 

estimation uncertainty, KPI improvement, MAS design architecture and inherent 

stochasticity. Results and benchmarking demonstrated better performance in terms of 

quality and cost KPIs and quicker convergence under stochasticity when compared to 

current approaches for CAs. The OSEC is able to learn CA policies that adjust process 

parameters at a required frequency to optimally balance the benefits and cost priorities 

depending on the NPI stage. In cases of low reconfigurability, the CA policies need a 

greater number of steps to converge to ensure that reconfigurability constraints are not 

violated. The ability of CA policies to generate functional nominal ensures that when 

the stochasticity varies or the RC uncertainty is high, the corresponding effective CAs 

are generated. The CA approach is crucial for the enhancement of productivity by 

reducing machine downtime and scrap. The approach also considers six-sigma quality 

and process indicators ensuring that the CAs improve quality KPIs and minimize the 

costs incurred due to CA implementation.  
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7 Advanced Implementations and 

Industrial Applications 

Previous chapters have comprehensively discussed each proposed kernel's formulation, 

methodology, verification, validation, and contributions. This chapter aims to discuss 

various implementations and applications of the kernels. The contributions of the 

chapter are as follows: 

(1) Develop a physical Industrial In-Process Quality Improvement (IPQI) demonstrator 

that provides validation for the proposed kernels using real quality point cloud data 

collected from a 3D scanner. 

(2) Develop a software implementation of the kernels as an open-source, fully 

documented python library termed Bayesian Deep Learning for Manufacturing 

(DLMFG) which aims to provide the required technical platform including datasets 

and code to enable reproducibility and further enable the advancement of the 

proposed research. 

(3) Discuss the kernel applications in industrial manufacturing environments and 

elaborate on the value created within these environments. 

The rest of the chapter is organised as follows: Section 7.1 discusses the physical 

implementation of the work involving the formulation and development of an industrial 

demonstrator; Section 7.2 discusses the software implementation involving the python 

library; and finally, industrial applications are summarized in Section 7.3. 

7.1 Physical Implementation 

7.1.1 Industrial Demonstrator 

As a crucial part of this research, an industrial demonstrator of the work titled ‘Inline 

Quality Monitoring with Root-Cause Diagnosis [224] was formulated and 

implemented.  This demonstrator's objectives were to showcase inline quality 

monitoring with root cause diagnosis for a sheet metal assembly with non-ideal parts. 



- 163 - 

  

The incorporated digital methodologies use multi-physics simulation combined with 

data analytics, statistical modelling, optimisation and machine learning to minimise 

inspection cycle-time while maintaining fault diagnosis capabilities. This capability is 

crucial for systematic quality improvement within manufacturing systems in the 

automotive or aerospace industry. The demonstrator was also leveraged to verify and 

validate the proposed OSER and CLIP kernels using a physical assembly setup to 

generate object shape errors patterns similar to ones generated in MAS. Point cloud 

data collection is done using 3D scanners. 

7.1.2 Experimental Setup 

For verification and validation of the proposed OSER and CLIP kernels, an automotive 

non-ideal compliant part, the door halo was selected. The experimental setup and 

parameters are shown in Fig.  7.1. The assembly process is controlled by the four (ℎ =

4) parametrized process parameters y1, y2, … , y4 (depicted using yellow symbols in 

Fig.  7.1). These parameterise the corresponding clamp movement in the y-direction 

within the range of [-5 mm, 5 mm]. Parameters such as pin-hole and pin-slot for the 

door halo are considered constant (depicted using green symbols in Fig.  7.1) and are 

not parameterized. A physical implementation (Fig.  6.2) and a CAE implementation 

using VRM of the case study are done. Point cloud data in the physical implementation 

is collected using the 3D scanner (Fig.  7.3). Hexagon WLS400 mounted on an ABB 

robot was used as the data collection setup. CoreView AM and CoreView Teach were 

leveraged as the software setup enabling robot and scanner communication. The point 

cloud is characterized by 𝑛 = 1047 key surface points which correspond to the mesh 

nodes for simulation in VRM. Both are pre-processed and voxelized to (𝑢, 𝑣, 𝑤) =

(64,64,64) voxel grids for model training and testing. The demonstrator was used to 

generate object shape error patterns similar to those generated within assembly 

systems.  
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Fig.  7.1. CAE implementation of the demonstrator case study 

 

 
Fig.  7.2. Physical implementation of the demonstrator case study 
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Fig.  7.3. 3D Scanner for point cloud data collection 

7.1.3 VRM Validation 

VRM [6] was leveraged as the multi-physics CAE simulator. Before generating datasets 

for training and testing, the VRM model was calibrated to give maximum correlation 

between shape error data collected from the scanner and generated using VRM 

simulation. Grid search was leveraged to calibrate crucial parameters (soft spring 

constant and stiffness penalty) within VRM to ensure it generates data as close as 

possible to data collected from the 3D scanner. Nine cases for different given values of 

process parameters were selected for calibration (Table 7.1). Correlation for shape error 

for all 1047 points measured by the scanner and as simulated by VRM was used to find 

the best-calibrated model. The highest value of an average correlation of 0.93 across all 

nine test cases was observed after grid searching over crucial VRM parameters. This 

calibrated simulation model with the optimized VRM parameters was further used for 

training and testing OSER and CLIP kernels. 
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Table 7.1. VRM Calibration Results 

𝐲𝟏 𝐲𝟐 𝐲𝟑 𝐲𝟒 Correlation 

0 0 0 0 1 

-5 0 0 0 0.89 

5 0 0 0 0.89 

0 -5 0 0 0.92 

0 5 0 0 0.88 

0 0 -5 0 0.97 

0 0 5 0 0.98 

0 0 0 -5 0.97 

0 0 0 5 0.99 

7.1.4 Results 

The calibrated VRM model was used to generate 10,000 training samples, and 130 

samples were collected using the 3D Scanner. This set of 130 samples were split into 

training (90) and test (30) sets. This combined dataset was used to train and test various 

models in four scenarios, namely: 

(i) Point-based multiple regression model – This entails current state-of-the-art 

practices for assembly diagnosis [188]. A multiple regression model for each 𝑦 is 

formulated. The independent variables include four critical points within the point 

cloud. The closest point corresponding to each clamp is selected as the critical points, 

given that they contain maximum information about the clamp movement. The 

coefficients are estimated using maximum likelihood estimation based on the 90 

scanner training set samples. The trained model is then tested on 30 scanner test set 

samples.  

(ii) OSER trained only on CAE simulation data – The Bayesian 3D CNN model is 

trained on 10,000 simulation samples and then tested on 30 scanner test samples 

(iii) OSER trained on simulated data and find tuned on scanner data using CLIP 

transfer learning framework – The Bayesian 3D CNN model is trained on 10,000 

simulation samples and then fine-tuned using the CLIP framework with a transfer 

learning algorithm. Ninety scanner train samples are used for fine-tuning. Testing is 

done on thirty scanner test samples. 



- 167 - 

  

(iv) OSER trained on simulated data and find tuned on scanner data using CLIP 

continual learning framework – The Bayesian 3D CNN model is trained on 10,000 

simulation samples and then fine-tuned using the CLIP framework with continual 

learning algorithm. Ninety scanner train samples are used for fine-tuning. Testing is 

done on thirty scanner test samples. 

The results for all scenarios are summarized in Fig.  7.4. OSER performed better than 

state-of-the-art linear/statistical models by 40%, with an 𝑅2 = 0.60 as compared to 

𝑅2 = 0.22. Further fine-tuning the OSER model using CLIP based algorithm portfolio 

of continual and transfer learning further improved performance by 15% with an 𝑅2 =

0.75,  hence validating the integration of CAE simulated data and scanner data 

(physical data collected from assembly system) to train OSER framework. This 

demonstrator is currently showcased within the In-Process Quality Improvement (IPQI) 

cell within WMG, University of Warwick and is used to demonstrate the capabilities 

of integrating 3D scanners, deep learning and CAE simulation for applications such as 

RCA of MAS. The post of the demonstrator is shown in Appendix G. 

 
Fig.  7.4. Demonstrator results 

7.2 Software Implementation 

The importance of open-source code and datasets to enable reproducibility of any 

model is crucial to the research field's overall advancement. The impact can be seen in 
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research areas such as deep learning and artificial intelligence, where progress and 

advancement are exponentially faster than in other traditional research areas. This is 

owed to various libraries such as TensorFlow (Google) and PyTorch (Facebook) that 

are entirely open-sourced, and the availability of common benchmarking datasets to 

compare and validate methods. Additionally, the majority of the research groups and 

companies within these fields open-source their code and results. Similar open datasets 

and implementations are required given the increasing trend of AI applications in 

manufacturing [213].  

The research develops and implements all the proposed kernels as an open-

source Python and Matlab integrated library titled Bayesian Deep Learning for 

Manufacturing [187] that is hosted on Github. The library has been documented using 

Sphinx [225] and is hosted on Github pages. The VRM based OSEM kernel is 

implemented using a combination of Matlab and C++ integrated using OpenMP. The 

OSER, OSER-MAS, CLIP and OSEC kernels are implemented in python using a 

TensorFlow (TF) and Tensorflow-Probability (TFP) backend. The Matlab and Python 

kernels are integrated using the Matlab-Engine package and enable low latency data 

and variable transfer. The datasets are stored in a Postgres SQL database. The library 

also consists of Jupyter notebooks that perform exploratory data analysis. The datasets 

used for training, validation and testing are hosted publically on Zenodo [226]. Any 

new case study can be implemented by defining a set of configuration files. The library 

is programmed in an object-oriented manner to enable the easy addition of new features. 

Various novel features that are not a part of current state-of-the-art deep learning 

libraries are implemented from a software perspective that can be leveraged for other 

applications. They include: 

(i) Multi-task attention based Bayesian 3D U-Nets – such networks can be leveraged 

for tasks requiring analysis of 3D data such as mesh, point clouds, depth images across 

domains such as manufacturing, healthcare and robotics. 

(ii) Uncertainty based closed-loop sampling – can be leveraged to sample from high-

fidelity physics simulations that are inherently computationally expensive. Using data 

sampled using such an algorithm potentially gives quicker convergence when training 
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machine or deep learning models than uniform sampling and LHS sampling. 

(iii) Uncertainty guided continual learning – enables sequential decision making when 

learning needs to be done continually for systems that are constantly changing and 

evolving. 

(iv) Greedy sensor placement – as the scale of the systems increases and the capabilities 

to do backward synthesis using data collected only at the end is not possible; hence 

greedy algorithms provide the following best location within the MAS to collect data 

by placing a sensor to increase the capabilities of backward synthesis.  

(v) 3D mesh interpolated gradient-based class activation maps – such implementations 

can be leveraged to obtain interpretability insights such as feature maps and gradient 

activations for any layer within the network, providing first-hand interpretability and 

implicit attention insights crucial for the application of black-box systems within 

industrial environments. 

(vi) CAE assembly environments – aims to provide environments to train and validate 

various reinforcement learning algorithms on tasks that are inherently more complex 

than traditionally used platforms [37]. The agents in this setting should output multi-

dimensional real-valued actions. Scaling such agents is currently one of the most 

researched areas in deep reinforcement learning [227], [228]. 

An overview of the software implementation on GitHub is given in Appendix B. 

7.3 Industrial Applications 

The developed and validated kernels provide capabilities for various industry 

applications listed below:  

(1) RC isolation within the scope of object shape error defects – The OSER and OSER-

MAS kernels extend traditional object detection to object shape error estimation 

and provide capabilities to estimate process parameters (RCs) that cause object 

shape errors in products. This essentially provides the capability to do RCA of shape 
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error defects for manufacturing applications such as assembly, stamping, machining 

and additive manufacturing. This capability leads to improvement in quality due to 

early detection and elimination of shape error sources. This also increases 

productivity due to a reduction in scrap and machine downtime. 

(2) CA estimation within the scope of object shape error defects – The OSEC kernel 

provides capabilities to mitigate RCs of object shape errors by generating effective 

and feasible CAs that can be implemented in the MAS while considering multiple 

objectives such as RC elimination, cost/quality KPI improvement, MAS 

reconfigurability constraints and stochasticity while considering the NPI stage. 

These CAs can then be mapped to CAs, maintenance schedules or standard process 

control adjustments without the need for manual expertise.  It also enables the 

decoupling of complex correction problems into two sub-problems, namely (i) 

determining the optimal CA and (ii) implementing the optimal CA within the MAS.  

(3) Explainable and interpretable decision making with confidence estimates – The 

uncertainty estimates from the OSER kernel and interpretability insights from the 

CLIP kernel enable explainability and accountability while making costly decisions 

within manufacturing environments. The lack of interpretability has been one of the 

major roadblocks in adopting deep learning systems within industrial environments. 

These insights aim to integrate the much needed ‘trust’ factor within black-box deep 

learning models needed for actual deployment of such solutions, thus, providing a 

transparent alternative to manual expertise-based decision making. 

(4) Scalable end-to-end transformative framework – Overall, the four kernels aim to 

provide a broader impact by providing a transformative framework for integrating 

3D scanners, deep learning and CAE simulations within industrial manufacturing 

environments so that milestones such as right first time, zero-defect manufacturing 

and resilient manufacturing can be realised. 
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8 Conclusions and Future Work 

Previous chapters have comprehensively discussed the development of the proposed 

methodologies, their software implementation as kernels and demonstration using 

industrial case studies.  The kernels were developed to help the manufacturing industry 

consistently deliver high-quality products while ensuring high productivity and cost-

efficiency in the face of increasing product variety and smaller batch sizes by 

addressing key challenges for isolation and mitigation of dimensional quality defects. 

The kernels aimed to bridge gaps such as the inability of current statistical and 

engineering-based models to leverage quality monitoring data such as point clouds to 

isolate RCs, lack of uncertainty quantification for isolated RCs, lack of integration 

between data-driven and physics-based engineering models, inability of current models 

to enable scaling across different assembly systems, lack of transparency in the isolated 

RCs and extensive reliance on manual expertise to design CAs to mitigate isolated RCs. 

This chapter summarizes the overall findings of the research work. The rest of the 

chapter is organised as follows: Section 8.1 discusses the conclusions and the gaps 

addressed of the presented research; Section 8.2 discusses the knowledge contributions 

of the developed kernels; Section 8.3 discusses various limitations of the work; and, 

finally, the scope for future research is summarized in Section 8.4. 

8.1 Conclusions and Gaps Addressed 

Manufacturing has been driven forward by understanding the physics behind the 

process to analyse a given inputs’ behaviour and estimate the outputs during process 

design and was supported by statistical analysis and operations research to understand 

the stochasticity of outputs such as quality and productivity during production. On the 

other hand, deep learning has been driven by availability of data with inputs and outputs 

of required task(s), and a comparatively lesser understanding of the model's working, 

however, with superb capabilities for learning complex relationships and patterns. The 

presented research leveraged deep learning capabilities in analysing high dimensional 

manufacturing data, building complex I/O relationships to model product quality 

defects, and quantifying their uncertainties.  The developed deep learning models were 
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integrated with models that account for the physics of the manufacturing process to 

build kernels that enable the synthesis of manufacturing systems in a scalable and 

interpretable manner. These kernels, namely OSER, OSER-MAS, CLIP and OSEC, 

enable isolation and mitigation of object shape error-based quality defects within MAS. 

While doing so, they enable fulfilment of various requirements that have not been 

comprehensively addressed by current models, which can be summarized as (i) High 

data dimensionality, (ii) Non-linearity, (iii) Collinearities, (iv) High faults multiplicity, 

(v) Uncertainty quantification, (vi) Dual data generation capability, (vii) High 

dimensionality and heterogeneity of process parameters, (viii) Fault localization for 

RCA, (ix) Scalability, (x) Interpretability, (xi) Uncertainty in isolated RC, (xii) KPI 

improvement, (xiii) MAS design architecture, and (xiv) MAS inherent stochasticity. 

These challenges are solved by developing and validating various kernels that aim to 

fulfil the aforementioned requirements. The conclusions from the development and 

validation of the kernels as related to manufacturing application and scientific 

knowledge contribution are summarized below: 

(1) Object Shape Error Response (OSER) (Fig.  8.1) leverages Bayesian 3D CNNs 

integrated with VRM in a closed-loop to estimate process parameters causing object 

shape errors within the final assembly. The trained model is then deployed in real 

MAS using point cloud quality data collected using 3D scanners. This fulfils 

requirement (i), (ii), (iii), (iv), (v) and (vi) within the scope of single-station 

assembly systems. The kernel closes the scientific gap between deep learning-based 

3D object detection and object shape error estimation for manufacturing. Object 

shape error estimation enables the analysis of point cloud quality monitoring data, 

hence, provides capabilities for isolation of quality defects. The kernel also 

establishes a link between deep learning and physics-based models, driving towards 

a framework where causality of quality issues (RC) can be isolated rather than only 

a correlation between input quality data and output process parameters. Case studies 

demonstrate that the kernel can isolate RCs and quantify uncertainty in complex, 

non-linear MAS with high fault multiplicity, which current statistical and 

engineering-driven approaches are unable to do. From an industrial application 

point of view, the research establishes that point cloud generating data sources such 
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as 3D scanners can be implemented to isolate RCs, especially for assembly 

processes with compliant parts used in automotive, aerospace and consumer goods 

assembly processes where dimensional quality is the major source of quality issues 

and RC isolation translates into estimating shape error patterns and relating them to 

process parameters. 

(2) Object Shape Error Response for Multi-station Assembly Systems (OSER-MAS) 

(Fig.  8.1) leverages a multi-task Bayesian 3D U-net integrated with VRM to 

estimate process parameters and upstream shape errors at the end of upstream 

stations, which are leveraged to perform RCA using three steps, namely (i) fault 

identification, (ii) fault localization and (iii) fault isolation. This fulfils requirements 

(i), (ii), (iii), (iv), (v) and (vi) within the scope of MAS. Additionally, it also fulfils 

requirements (vii) and (viii), which are essential for RC isolation in MAS. The 

kernel widens the scope of the OSER kernel from single- to multi-station assembly 

systems hence, providing capabilities to perform RC isolation where quality 

variations are propagated through multiple upstream stations and point cloud 

quality data is only collected at the end of the system (end-of-line-sensing [13]). 

Case studies demonstrate that the accurate estimation of upstream shape errors 

enables localizing faulty assembly stations, which further enables isolation of RCs 

based on the estimated process parameters. From an industrial application 

perspective, the kernel establishes that performing RC isolation in MAS does not 

require placement of 3D scanner after each station or measurement of each 

subassembly. It can be used to inform the best placement of 3D scanners within the 

MAS to enable RCA for all possible combinations of RCs. However, the exact 

number of scanners may also depend on the structure and layout of the MAS and is 

a topic of future research.  

(3) Closed-loop In-Process (CLIP) (Fig.  8.1) leverages an integrated algorithm 

portfolio to enable scalability and interpretability of the OSER and OSER-MAS 

kernels. Scalability enabling algorithms include closed-loop training, uncertainty 

guided continual learning and transfer learning. Interpretability enabling algorithms 

include 3D gradient-based class activation maps. This fulfils requirements (ix) and 

(x). The kernel provides scientific validation regarding the ability to transfer 

learning between similar MAS; this is in line with previous engineering-based 
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approaches where rules for RC isolation for one assembly could be leveraged for 

RC isolation of other assembly systems. The case studies show a significant 

reduction in the number of training samples when leveraging a model previously 

trained on another assembly system. Industrially this translates into scalability as 

RC isolation models would be implemented across the whole production line. The 

kernel also links the isolated RC to shape error patterns within the point cloud 

quality data and hence, provides the required transparency that is needed to drive 

costly CAs. These scalability capabilities across multiple similar manufacturing 

systems and interpretability of isolated RCs mitigate the current gaps in the 

industrial adoption of deep learning-driven RC isolation models. The kernel is 

critical for automotive and other manufacturing sectors where the adoption of deep 

learning is blocked due to high computational requirements and the black-box 

nature of neural network models. 

(4) Object Shape Error Correction (OSEC) (Fig.  8.1) leverages deep reinforcement 

learning, specifically a DDPG actor-critic network that is trained using a VRM 

simulated MAS environment using a novel reward function parametrized by NPI-

coefficients. It learns CA policies that mitigate sources of object shape error based 

on the isolated RCs and MAS state estimates. The policies simultaneously account 

for benefits, costs, constraints and stochasticity of the MAS. The approach can 

leverage CAs throughout all phases of the NPI cycle from assembly process design 

and launch until full production. This fulfils the requirement (xi), (xii), (xiii) and 

(xiv). The kernel mathematically formulates all requirements for correction of 

assembly systems, hence providing capabilities to mitigate sources of quality 

defects in a systematic and comprehensive manner; these requirements were 

previously accounted for using manual expertise, leading to decreased productivity 

and increased cost of quality. Such kernels are critical for high-volume automotive 

industries where quality deterioration, ineffective maintenance and machine 

downtime can lead to significant losses in terms of revenue, product performance 

and reputation. Case studies demonstrate that CA-related requirements such as 

MAS constraints and stochasticity become significant in transition from RC 

isolation to actionable corrections, hence, only isolating RCs is insufficient. A 

corresponding effective and feasible CA must be determined to mitigate quality 
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defects caused by the isolated RCs. 

Further, the work is implemented physically as part of an Industrial Demonstrator 

to provide validation on real point cloud quality data collected from 3D scanners. A 

python library software termed Bayesian Deep Learning for Manufacturing is 

developed to further enable reproducibility of results and help the progress of the 

research work by open-sourcing code, data and algorithms. Overall, the four kernels 

provide a transformative framework by integrating MAS models supported by VRM 

simulator of assembly process, 3D scanners point cloud data of parts and subassembly 

shape errors, deep learning models, and Bayesian modelling to isolate and mitigate the 

sources of object shape errors, reducing and potentially eliminating geometric and 

dimensional variations in MAS. The overall research framework for isolation and 

mitigation of dimensional quality defects within MAS is summarized in Fig.  8.1.  

.
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Fig.  8.1 Framework for isolation & mitigation of dimensional quality defects
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8.2 Contributions 

The developed kernels integrated within a single framework is much needed enabler 

for milestones such as zero-defect manufacturing, right-first-time and resilient 

manufacturing. The generalized problem formulation, novel methodology 

development, comprehensive verification and validation, and extensive benchmarking 

of the developed kernels address numerous limitations of state-of-the-art methods in 

isolating and mitigating object shape errors defects within the scope of MAS, enabling 

the advancement of the field at the intersection of deep learning and manufacturing 

assembly systems. The contributions of the developed kernels can be summarised as: 

(1) Novel 3D OSER and OSER-MAS kernels based on 3D CNN architectures such as 

multi-head Bayesian 3D U-Nets with a probabilistic encoder and attention-based 

decoder. The developed kernels expand the work done in deep learning for 3D 

object detection in manufacturing systems where the key goal is not to detect the 

object but to estimate various shape error patterns present on the final 

object/product and relate these variation patterns to manufacturing process 

parameters variations within the system. This is the first work to propose 

uncertainty enabled 3D CNN based Bayesian deep learning models for RCA of 

MAS that directly leverage point cloud data. Comprehensive benchmarking with 

existing machine learning models demonstrates superior performance with 

R2 = 0.98 and MAE = 0.05 mm, thus, improving RCA capabilities by 29% as 

compared to current statistical approaches. 

(2) A novel CLIP kernel for training, scaling and interpreting the developed deep 

learning-driven kernels (OSER, OSER-MAS).  The training is enabled by a closed-

loop sampling framework that leverages a CAE simulator known as VRM [6]. 

Scalability is enabled by integrating continual/transfer learning algorithms which 

simultaneously reduce time-consuming computational cycles and the amount of 

labelled training data.   Interpretability is enabled by applying 3D Grad-CAMs 

which link the extracted features by deep learning architecture to product shape 

error features of product assembled in a given MAS. The CLIP integrates deep 

learning approaches and physics-based models and provides capability for 

industrial adoption as the models can be trained from a design stage itself (when no 
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real data is available) in a scalable manner and provide interpretable causality 

driven RC isolation. Results highlight a reduction in up to 56% training samples 

when compared to random sampling/training from scratch methods with a loss in 

performance of up to   2.1%. 

(3) A novel OSEC kernel that leverages a deep reinforcement learning (DDPG) agent 

to enable effective and feasible CA estimation for the mitigation of RCs while 

accounting for uncertainty in isolated RC, cost and quality KPIs, MAS constraints 

(reconfigurability) and stochasticity. The agent enables the mitigation of object 

shape errors by estimating CA policies that estimate a functional nominal and can 

optimally adjust process parameters. Furthermore, the kernel is parametrized by 

NPI-coefficients that provides the capability to mitigate shape errors across all 

stages of the NPI lifecycle while allowing for the optimal tradeoff of changing 

priorities depending on the NPI stage. Current approaches do not mathematically 

formulate all CA requirements and rely on manual expertise to account for them 

while using simplifying assumptions such as a fixed design nominal. The OSEC 

policies enable mitigation of shape error with up to 40% better performance than 

current manual and SPC/APC based approaches with a failure rate of only 6.2%.  

(4) Formulation and implementation of an industrial demonstrator that provides 

verification and validation of the kernels using data collected from 3D scanners. 

Further, a python software is developed to verify and validate the methodologies 

using six case studies of varying complexities. The case studies include two 

automotive assembly processes from automotive industry: (i) door assembly 

process and (ii) cross-member assembly process. 

(5) Benchmarking methodologies against four categories of methods that can be 

leveraged to isolate and mitigate dimensional and geometric variation of assembled 

products, namely, (i) current approximately linear statistical/engineering-driven 

state-of-the-art RC isolation approaches; (ii) machine learning models in a multi-

output regression or classification setting; (iii) deep learning models such as various 

types of CNNs and fully connected networks; and, (iv) SPC/APC and manual 

approaches used for CAs. This benchmarking collectively illustrates superior 

performance in terms of accuracy for isolating RCs, data required for training and 

effectiveness of estimated CAs and verifies the kernels' ability to fulfil the 
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aforementioned fourteen requirements. Currently, no frameworks exist that can 

provide capabilities to satisfy all requirements (i)-(xiv) as needed for isolation and 

mitigation of quality defects. 

8.3 Limitations 

The kernels developed in the thesis have many advantages compared to the state-of-

the-art as discussed in the previous sections.  Below the limitations of the developed 

kernels are discussed in the context of their key features, advantages and applications. 

(1) Scope: The work is done within the scope of sheet metal assembly systems 

considering process parameters related to non-ideal part variations, fixturing and 

joining. The fixtures are bounded by n-2-1 layout dedicated to sheet metal parts 

(deformable in one plane perpendicular to the part surface).  The joining process is 

limited to 2-sided contact joining processes such as self-piercing riveting 

(SPR)/resistant spot welding (RSW) or 1-sided non-contact joining processes such 

as remote laser welding (RLW). The RCs and CAs correspond to only these sets of 

process parameters, i.e., part deformation, fixturing locating layout errors; and some 

related to joining (binary criterion of good joint/no joint). Defects caused due to 

variations in process parameters beyond the mentioned ones, such as the ones 

induced by heat (thermal deformation of parts or/and weld quality), phase change 

and/or fluid flow (weld quality), are outside the scope of the presented research and 

might affect the performance of the framework. However, the uncertainty 

quantification capabilities developed in this research can be used to identify such 

uncertainty as related to the above process parameters. In case of advances in the 

CAE simulator development (beyond the current capability of the VRM simulator 

used in this thesis) which will enhance abilities in modelling the impact of the 

currently unmodeled process parameters; the developed kernels can be used to 

generate a training dataset to train the kernels within the framework.  However, the 

RCs and CAs kernels will need to be refined to include these new capabilities. 

(2) Detectability: The work considers only RCs that affect the shape error with a 

minimum error and resolution of 0.1 mm. The minimum resolution is also bounded 

by the accuracy and repeatability of the 3D Scanner used in this research in 
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collecting point cloud data. The hexagon WLS400A used to collect data for this 

research has an accuracy of 0.1 mm. This accuracy and resolution are sufficient for 

dimensional and geometry quality of automotive sheet metal assemblies but is not 

sufficient for applications such as surface roughness defect identification or for 

applications to different processes requiring higher accuracy (machined 

components, optical lenses, etc.). The developed kernels can be adopted to work 

with CAE simulators with higher fidelity and measurement systems with higher 

accuracy in order to train the proposed framework for such applications. 

(3) Physical System Validation: Both training and validation of the framework have 

been done using CAE simulation data as generated by the VRM simulator. 

Validation using point cloud data collected from the 3D Scanner has been done 

using a simplified physical demonstrator that generates object shape error patterns 

similar to ones generated in MAS. Further validation of the proposed framework 

within physical MAS is required to validate the performance capabilities of the 

framework as currently the proposed framework depends on the fidelity of the VRM 

simulator to emulate the physical system. Additionally, it will be advantageous to 

provide additional learning capability of the framework to provide feedback to the 

CAE (VRM) model for scenarios when it is unable to emulate the physical system 

accurately. 

(4) Uncertainty Estimation: The Bayesian deep learning model uses Mean Field 

Variational Inference (MFVI) [164] for uncertainty quantification on unseen data. 

This approximation may lead to poorly calibrated uncertainty estimates for RCs 

while scaling up as it assumes that the posterior of all weights within the neural 

network follow independent univariate normal distributions. Research in using 

more comprehensive priors for network weights such as multivariate normal 

distributions with full covariance matrix can be done to see the effect on uncertainty 

estimates for isolated RCs. 

(5) Changes after Deployment: The research assumes that the assembly system varies 

within the pre-set constraints on process parameters after model deployment. After 

deployment, any changes that are done to the MAS will impact the performance of 

the framework. However, they can be addressed through fine-tuning the models 

using uncertainty guided continual learning as discussed in the CLIP kernel. 
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8.4 Future Work 

The framework and kernels presented in this thesis will lay the foundations for a much 

needed and industrially relevant field of study, which will combine manufacturing 

systems and artificial intelligence in a conceptually sound and practical manner. Critical 

topics for future research are discussed below: 

(1) Bendlets: Like capsule neural networks [229] that provide a principled way to 

formulate high-level objects mathematically, Bendlets can be formulated as an 

interpretable and transferable formulation of high-level object shape errors by 

quantitative modelling of invariant features [229] across different MAS. This would 

enable deeper integration between physics-based engineering models and deep 

representation learning. This could further enable building models with better 

performance on different MAS and then be potentially transferred across similar 

manufacturing systems such as stamping and machining. A framework can be 

developed that combines the CAE data and physical data to train a model that can 

go a step beyond isolating and mitigating RCs and also provide feedback to the 

CAE simulators to enable it to emulate the physical system more accurately.  This 

capability can be used to address limitations (1) and (2) as they decouple the impact 

of different process parameters on the output shape error and provide a principled 

way to provide feedback from deep learning models to physics-based models. 

(2) Physics-based closed-loop sampling: Currently, the work leverages epistemic 

uncertainty to sample effectively from the CAE simulator. This can be done more 

efficiently while considering the physics of the behaviour of different process 

parameters within the MAS and hence, enable faster training of deep learning 

models. For example, the impact of particular process parameters related to pinhole 

displacement on the output shape error is linear hence requiring fewer training 

samples, while the impact of process parameters related to joining is non-linear, 

resulting in the requirement of a larger number of training samples. Integrating such 

prior engineering knowledge with epistemic uncertainty can potentially reduce the 

number of samples required for training.   Additionally, the CAE simulator, used as 

data generator to emulate MAS during production, is currently based on Monte 

Carlo technique / Latin Hypercube Sampling (LHS) [182], which requires a 
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relatively large number of samples. The main drawbacks of MC-based methods 

have been widely recognized as: (i) very time consuming, especially for large scale 

problems; and (ii) poor computational accuracy at small to median sample sizes.  

There are other techniques such as pseudo-MC methods (for e.g., number-theory 

techniques (NT-net) which significantly reduce computational effort needed in 

simulation with higher accuracy yield [230]. 

(3) Dynamic (online) learning: The continual learning framework can be extended to 

enable online learning for dynamically changing assembly systems. The changes 

can be quantified as concept drifts or covariate shifts. When detected, such changes 

would result in the model being fine-tuned using limited data collected from the 

system and large dataset collected from the CAE simulator. This would enable 

lifelong learning for dynamic manufacturing environments and would address 

limitation (5). 

(4) Self-supervised learning: Recent advances in using self-supervised learning 

[231][232] can be leveraged to learn latent concepts that can be transferred across 

various manufacturing systems using large scale datasets generated using multi-

physics based simulators. These models can further be fine-tuned for downstream 

tasks such as regression and classification-based RCA and reinforcement learning-

based CA models using exponentially lesser training samples.  

(5) Explainability and generalisability: The research leveraged 3D Grad-CAMs for 

explainability of the isolated RCs. These have been shown to have various 

limitations concerning the granularity of the generated interpretability maps [221].  

The research needs to further consider other methods that provide local and global 

interpretability. Various model-agnostic approaches such as global model 

interpretation via recursive partitioning (GIRP), local interpretable model-agnostic 

explanation (LIME) and Shapley additive explanations (SHAP) and others need to 

be further explored [222] for a comprehensive understanding of the explainability 

and generalisability of the proposed approaches in isolating and mitigating quality 

defects. Model-specific methods [233] to deep learning also need to be explored to 

increase transparency and trust in the predictions. This will significantly aid large 

scale industrial adoption of deep learning approaches that drive costly 

manufacturing decisions. 
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(6) Preventive actions (PA): The corrective action framework can be extended to 

include preventive actions (PA) aimed at changing downstream process parameters 

to compensate for upstream shape variations. 
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Appendix A: Additional 

Background and Methods 

This chapter aims to provide an aggregated review of various broader concepts 

leveraged to develop the proposed kernels. Firstly, an additional background is given 

for assembly systems and optical measurement systems. Secondly, an overview of 

methods including deep neural networks, deep reinforcement learning and attention 

gates are provided. 

Assembly Systems 

Assembly system [234] refers to processes that enable aggregation of various parts to 

form an assembly that can be leveraged to perform specific functions. The research 

focuses on the assembly of non-ideal compliant parts (3D free-form surfaces also 

referred to as objects) used extensively in automotive, aerospace and shipbuilding 

manufacturing industries. Variations of process parameters within the assembly system 

lead to shape error within the objects. A detailed description of single station assembly 

systems and multi-station assembly systems are given in section 3.2.1 and section 4.2, 

respectively.  The research aims to develop kernels that enable isolation and mitigation 

of these sources of object shape errors within the scope of single and multi-station 

assembly systems.  

Optical Measurement Systems 

Measurement systems are crucial for providing dimensional and geometric quality 

information for parts, sub-assemblies and products (collectively addressed as objects) 

within manufacturing assembly systems. These can be implemented off-line or in-line 

to estimate the shape error on each object by comparing it with the nominal CAD 

geometry of the object. Optical measurement systems allow non-contact measurement 

enabling fast acquisition of a large amount of data (points). Various kinds of optical 

measurement systems [235] as (i) point sensor, (ii) line sensor or (iii) area sensor, can 

be leveraged to obtain data of different granularity. A point-based sensor aims to 
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measure a single or collection of point(s) on an object. While area sensors are also 

known as 3D scanners [236], can be leveraged to measure all points within a field of 

view. 3D scanners enable collecting granular high dimensional point cloud data that 

provide comprehensive information about the shape error of measured objects. Such 

data acquisition sensors require simultaneous development of models that can 

effectively leverage this data for quality improvement. Existing approaches are 

designed to isolate and mitigate object shape errors using only point-based data.  The 

research aims to develop kernels that can leverage point cloud data obtained from 3D 

scanners to isolate and mitigate sources of object shape error within manufacturing 

assembly systems. 

Deep Neural Networks 

Learning a relationship between variables requires modelling a function that inputs a 

set of variables and performs transformations to output the desired variable. The quality 

of the relationship learning is dependent on the transformations used within the 

function. Linear regression is the most straightforward statistical tool to perform this 

using a linear transformation function. To generalize this further for non-linear cases, 

fixed basis functions are used that perform non-linear transformations on the input 

variables, followed by which linear regression can be done on these transformed 

variables. This forms the basis for methods such as wavelets and polynomial basis 

functions. Further, this constraint of using fixed basis functions can be relaxed, and 

parameterized basis functions can be leveraged. These learn the values of these function 

parameters based on a set of known input and output variables. Deep neural networks 

aim to build a network of these basis functions by using hierarchical layers that perform 

transformations on the previous layer's output. Each layer is considered a building 

block, and the modularity in the composition of blocks embodies the versatility of deep 

neural networks. These blocks can be adapted (for e.g., using convolutions) to process 

high dimensional input variables such as images, point clouds, sequences to estimate 

the desired outputs. The research aims to leverage this capability of deep neural 

networks to develop kernels (OSER, OSER-MAS) that relate high dimensional object 

shape errors to process parameters enabling applications like isolation and mitigation 
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of root causes of shape error. An extensive literature on deep learning [237] can be 

referred to for further details. 

Deep Reinforcement Learning 

Reinforcement learning has performed well in various complex sequential tasks by 

training agents to optimize their control in an environment to obtain the maximum 

amount of reward. However, as the task complexity increases, such as high-dimensional 

sensory inputs with unmanageable state-space in environments, the ability of these 

agents to perform optimal control decreases. Agents need to have the capabilities to 

derive efficient representations and generalize experience to new instances. Deep neural 

networks have excelled in extracting features from high-dimensional image, video and 

text data and then build models to generalize across a wide variety of tasks. Deep 

reinforcement learning aims to integrate the feature extraction and generalisation 

capabilities of deep neural networks with sequential decision-making capabilities of 

reinforcement learning to build agents that can perform optimal control in complex 

environments with large state or action spaces. This integration is done by replacing 

value functions and policy functions with deep neural networks [37]. The replacement 

enables the agent to generalize the value or policy function across large state spaces. 

The proposed OSEC framework leverages DDPG [169] that parametrizes both policy 

(actor) and action-value (critic) function with neural networks. An extensive literature 

on reinforcement learning [238] and deep reinforcement learning [239] can be referred 

to for further details. 

Attention Gates 

Attention gates (AG) are leveraged in computer vision and NLP domains for caption 

generation, classification, and machine translation. Attention mechanism [231] are of 

two categories and can be leveraged while training model parameters. (i) Hard attention 

mechanisms [240] such as iterative region proposal are not differentiable and have to 

be trained alternatively using reinforcement learning techniques. (ii) Soft attention 

mechanisms [231] are differentiable and can be trained using backpropagation. This 

has been further extended to self-attention [231] to remove dependency on external 
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gating information. AG enable progressive feature suppression within irrelevant spatial 

regions in the context of spatial feature extraction [63] as required for fault localisation 

in assembly systems. Attention coefficients identify salient shape error regions and 

further preserve and enhance those features to enable high performance in fault 

localisation. This enables the transfer of necessary geometric shape error features and 

disambiguation of irrelevant geometric information simultaneously.  Further, this is 

concatenated within the up-sampling kernel to estimate upstream shape errors in MAS. 

The proposed 3D U-Net architecture (Chapter 4) incorporates these attention gates to 

enhance shape error and geometric features that pass through skip connections 

between the encoder and decoder's corresponding levels.  
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Appendix B: Software 

Implementation 

Python library: Bayesian Deep Learning for Manufacturing 

Code: 

https://github.com/sumitsinha/Deep_Learning_for_Manufacturing  

 

Documentation: 

https://sumitsinha.github.io/Deep_Learning_for_Manufacturing/html/index.html  

https://github.com/sumitsinha/Deep_Learning_for_Manufacturing
https://sumitsinha.github.io/Deep_Learning_for_Manufacturing/html/index.html
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S. Sinha, P. Franciosa, and D. Ceglarek, "Object Shape Error Response using 

Bayesian 3D Convolutional Neural Networks for Assembly Systems with 
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Appendix G: Industrial 

Demonstrator 

Industrial Demonstrator – In-Process Quality Improvement (IPQI) EPSRC Project 

S. Sinha, E. Glorieux, M. Babu, P. Franciosa, and D. Ceglarek, "Demonstrator: 

Inline Quality Monitoring with Root Cause Diagnosis," 2020. [Online]: Available. 

https://sumitsinha.github.io/Deep_Learning_for_Manufacturing/html/real_system_im

plementation.html 

"In-Process Quality Improvement (IPQI) Project" 2020. [Online]: Available. 

https://warwick.ac.uk/fac/sci/wmg/research/materials/dlm/projects/ipqi_new/ 

https://sumitsinha.github.io/Deep_Learning_for_Manufacturing/html/real_system_implementation.html
https://sumitsinha.github.io/Deep_Learning_for_Manufacturing/html/real_system_implementation.html
https://warwick.ac.uk/fac/sci/wmg/research/materials/dlm/projects/ipqi_new/
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