
 
 

 



 
 

 



 
 

 



 

 
 

 



 

 
 

 

 

Figure A | Digital characteristics (DCS) of manufacturing processes. The DCS is developed based on 

experimentally verified manufacturing metadata (filed in 201 functional data modules with unique ID numbers, 

as shown in this figure, for searching and referring, see Methods) stored in the data repository through key 

enabling approaches in terms of information absent data processing techniques (e.g., the physical-based 

Evolutionary Binary algorithm, see Chapter 3) and data characterisation techniques (e.g., the development of 

digital characteristics, see Chapter 3). Using these technologies, the DCS is composed of digital characteristics 

(DC) of over 140 manufacturing processes covering sheet metal forming and bulk metal forming processes, and 

its volume is continuously expanding with DC developed based on newly processed manufacturing metadata 

(see Chapter 5). Therein, in each part, each ‘ring’ represents a dataset of a manufacturing process, and the size 

of the ‘ring’ represent the data volume of this dataset. To present the DCS of manufacturing processes, the 

evolutionary temperature data, contact pressure data, strain data and strain rate data are mapped against 

normalised manufacturing stages, which are four representative thermo-mechanical data that are distinct in 

terms of different manufacturing processes. In Part 1 of the DCS, at present, the DC of the sheet metal forming 

processes show that across the end-to-end manufacturing stages, the temperature data values range from room 

temperature to 1267.0 ℃, contact pressure data values range from 0 to 243.3 MPa, effective strain data values 

range from 0 to 0.95, and strain rate data values range from 0 to 18.8 s-1. In Part 2 of the DCS, at present, the DC 

of the bulk metal forming processes show that the temperature data values of bulk metal forming processes 

range from 306.2 ℃ to 1254.3 ℃, contact pressure data values range from 0 to 1000.0 MPa, effective strain 

data values range from 0 to 2.5, and strain rate data values range from 0 to 99.9 s-1. In the Part 3 of the DCS, at 

present, the DC of the machining processes show that the temperature data values range from room temperature 

to 642.6 ℃, contact pressure data values range from 0 to 2,258.3 MPa, effective strain data values range from 0 

to 5.94, and strain rate data values range from 0 to 10,0000 s-1. 
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Abstract 

As one of the most important manufacturing crafts, the metal forming industry accounts for 

15-20% of the national GDP of modern industrialised nations1. Over 160,000 engineering 

materials and nearly 90% (wt. %) of products made of metals are manufactured by metal 

forming processes2,3. Approximately 90% of steel products4 and 67% of aluminium products5 

are manufactured by at least one metal forming process. Meanwhile, voluminous data, 

proliferated daily at an ever-greater scale during production, research, and development 

activities, have driven scientific advances in the manufacturing sector towards the era of digital 

manufacturing. These data are essential to unlock insightful features that can facilitate 

comprehensive scientific understanding of metal forming technologies. To date, there has been 

limited research in approaching metal forming from the perspective of data, not to mention that 

most collected data lack critical information to fully characterise a metal forming process. This 

is mainly due to limitations of data collection capabilities and data privacy, which hinders the 

extraction of insightful digital information from underlying scientific patterns.  

In this thesis, a cloud-based data repository was established that currently contains 201 

functional data modules of diverse manufacturing processes. Each data module consists of 

experimentally verified manufacturing metadata and essential information with a globally 

unique and permanent ID which provides open access for scientific communities. Tackling the 

long-standing challenges on processing information absent data requires an emerging research 

field combining knowledge of metal forming and data science. Here, a physical-based 

Evolutionary Binary (EB) algorithm was developed for enabling information absent data 

processing. Results demonstrate that the EB algorithm yields a highly efficient recognition of 

missing features for a metal formed product with nearly 95% of overall accuracy with sparsely 

labelled data points (≤1%). By using this technology, the digital characteristics (DC), a novel 

concept has been developed to denote the visualisation of manufacturing metadata for a 

targeted manufacturing process incorporating essential information spanning the design, 

manufacturing and application stages of manufactured products, for sheet and bulk metal 

forming processes. The DC of a representative metal forming process are visualised and 

analysed in terms of specific features such as the geometric features.  

Moreover, the unique DC have been identified for over 140 manufacturing processes, 

leading to the establishment of the digital characteristics space (DCS) of manufacturing 

processes that provides access for scientific communities to the most up-to-date and 
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information-rich cloud-based repository. Using the DCS as a pairing reference, the origins of 

a set of unknown fragmental data were successively identified with a minimum length of 10 

data points. This is realised by pairing the representative thermo-mechanical features of 

fragmental data with the existing thermo-mechanical DC in the DCS by using machine learning 

approaches. Subsequently, the unique thermo-mechanical DC, represented by the temperature 

DC, contact pressure DC, effective strain DC and strain rate DC, of the pair manufacturing 

process were developed and analysed. This thesis established a framework of data science in 

manufacturing/metal forming including the manufacturing metadata collection that leads to the 

development of a cloud-based data repository, information absent data processing that leads to 

the development of the physical-based EB algorithm, data characterisation and analysis that 

leads to the development of DC and DCS of manufacturing processes, and digitally-enhanced 

research and DCS application highlighted by the fragment data pairing. 
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Chapter 1. Introduction 

1.1 Background 

Manufacturing is one of the largest sectors of the economy, with the total value of the global 

manufacturing big data market increasing from USD 3.22 billion in 2018 to USD 9.11 billion 

by 20266. Of these, metal forming has long been an important and popular metal forming craft 

during the technology evolution, which are widely used in automotive, aerospace engineering 

and construction industries7. The metal forming industry accounts for 15-20% of the national 

GDP of modern industrialised nations1. It is estimated that over 160,000 engineering materials 

and nearly 90% (wt. %) of products made from metals are manufactured by metal forming 

processes2,3. In addition, approximately 90% of steel products4 and 67% of aluminium 

products5 are manufactured by at least one metal forming process. Empowered by modern 

experimental and finite element analysis (FEA) investigations, advanced metal forming 

technologies enable the efficient manufacturing of complex-shaped components with 

remarkable reduction in raw material usage, high formability and high post-form material 

strengths. The corresponding technologies have been successfully integrated in manufacturing 

plants, especially in automotive and aircraft plants over the past decades8–12, together with the 

development of other theoretical and experimental metal forming related technologies 

including coating13–15, lubrication16–20 and tool design21,22. 

Empowered by the Fourth Industrial Revolution, namely the Industry 4.023, a concept 

initiated in 2011 and popularised in 2015, the business models for the entire manufacturing 

industry are being digitally transformed and revitalised towards mechanical automation by key 

enabling technologies covering communication, controlling and intelligence, that enhance the 

manufacturing productivity and flexibility24–26. Industry 4.0 is shaping the metal forming 

industry. During the daily manufacturing and academic activities, voluminous metal forming 

metadata are being produced daily at an ever-greater scale during manufacturing, research and 

development activities. It is estimated that manufacturing will generate nearly 2,000 petabytes 

of data per year in the near term, which is more than communications, finance, energy, 

healthcare and retail27. The surging metal forming data can be captured by wireless sensor 

networks utilised in Industry 4.0 key technologies such as internet of things (IoT)28,29, cyber-

physical systems (CPS)30,31, cloud computing32,33 and digital twins34,35. In addition, FEA of 

metal manufacturing processes has been an indispensable tool in the development of the supply 

chain. Material modellers have developed and published advanced models in peer-assessed 
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work with enhanced predictive functionalities realised via user-defined subroutines. Therefore, 

large amounts of metal forming metadata can be collected from experimentally verified FEA 

models to enable proactive prediction and analysis before the real forming process 

commences3,36.  

This unprecedented surge in metadata availability presents a revolutionary opportunity to 

enable the data mining of more insightful information for the metal forming technologies, and 

profoundly characterise and understanding these technologies from the perspective of data that 

incorporates essential manufacturing information through the entire production process37,38. 

The fast development of digital technologies, especially modern artificial intelligence (AI) 

algorithms27, with their burgeoning industrial applications39–43, aim to take great advantage of 

the rapidly increasing manufacturing metadata. Great efforts are being made to promote the 

data management, reuse and movement by industry, academia and funding agencies to develop 

new technologies, products and services, as guided by a concept of increasing importance 

named the FAIR (Findable, Accessible, Interoperable, Reusable) data principles44,45, which is 

a well-known guiding principle for enhancing data management and stewardship (especially 

scientific data).  

 

1.2 Motivations and objectives 

Data sciences in manufacturing is becoming an emerging research area and effective tool to 

enable the digital transformation in manufacturing. However, a long-standing challenge for 

decades is that most of the manufacturing metadata are information absent, and fragmental data 

that contains extremely scarce information are widely observed and has become a long-

standing research challenge in data sciences of manufacturing due to lacking effective 

techniques for fragmental data processing. the metadata collected via sensor networks could, 

intrinsically, be fragmental, e.g., temperature metadata captured by thermo-couples from a 

small specific region of the workpiece over a short production period, not to mention the 

failures and malfunction of sensor networks, the challenges of metadata storage, management 

or retrieval, or the policies of data privacy and protection, which has become the first priority 

in the manufacturing sectors46,47.  

The information absent data refers to data lacking the critical information for a single or 

some data points, or a specific dataset, for example, physical or geometric features of the 
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products or the underlying thermo-mechanical metadata. The absence of such information 

hinders the progress of knowledge management, reuse and movement, further deteriorating the 

long-standing challenge regarding the shortage of labelled data and subsequent challenges that 

arise in data manipulation, in-depth analysis and visualisation48,49. Furthermore, the fragmental 

data usually contain extremely scarce essential information and thus posing great challenges 

on extracting insightful information from them, and significantly hinders the subsequent data-

driven research and development on relevant manufacturing processes.  

Due to these long-standing challenges, to date, there has been limited research in illustrating, 

characterising and analysing the metal forming processes from the perspective of data, leading 

to the incomplete digital understanding on the manufacturing processes. Hence, the following 

objectives are conducted to achieve the aim of this thesis: 

1. Developing a scientific guidance on the development of digital characteristics (DC) of 

manufacturing processes. The guidance contains details of essential elements represented 

by manufacturing metadata collection from multiple sources, data pre-processing and 

information absent data processing technologies. 

2. Establishing a cloud-based data repository of manufacturing processes that provides access 

to experimentally verified functional data modules. Each functional data module consists 

of experimentally verified dataset(s) and essential digital information including a globally 

unique and permanent identifier (ID) for stimulating the knowledge movement in scientific 

communities. 

3. Developing a physical-based algorithm that enables the accurate and efficient processing 

of the information absent data to enhance the profound understanding on the metal forming 

processes. This algorithm, named the Evolutionary Binary (EB) algorithm, was developed 

following the thermo-mechanical principles. As the most important element in the EB 

algorithm, the embedded thermo-mechanical filters (TMFs) were developed by analysing 

the unique thermo-mechanical evolutionary characteristics of missing features of a specific 

metal forming process, thus the data points with such characteristics were able to be 

identified using the EB algorithm. 

4. Developing DC of the representative metal forming processes to map and analyse the 

unique characteristics from the perspective of the data incorporating various evolutionary 

thermo-mechanical information. The DC can be characterised by three characteristics 

named ‘Unified’, ‘Unique’ and ‘Useful’. 
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5. Establishing the digital characteristics space (DCS) of manufacturing processes. The data 

processing (e.g., EB algorithm) and characterisation (e.g., DC) technologies enabled the 

establishment of the DCS of manufacturing processes. The DCS is providing an open 

access to the most comprehensive, up-to-date and information-rich DC to the scientific 

communities. 

6. Exploring the potential applications of DC and DCS of manufacturing processes 

highlighted by the fragmental pairing. The origins (e.g., which manufacturing process and 

stage) of unknown fragmental data pieces that contain extremely sparse information were 

identified using machine learning algorithm with the DCS as a pairing reference. This was 

achieved by comparing the thermo-mechanical DC of the fragmental data and that of the 

existing DC stored in the DCS. The pairing model was validated using a benchmark hot 

stamping dataset.  

The structure of this thesis and the sequential relationships between the main chapters are 

shown as follows:  

Chapter 1 presented the background, motivations and key issues in digital manufacturing, 

especially the challenges focusing on the manufacturing metadata collection, processing and 

characterisation, and explained the main objectives to be addressed in this thesis. Chapter 2 

presented a comprehensive literature review on the key industry 4.0 digital technologies that 

are widely used in the manufacturing sectors, and the recent research and development on the 

key technologies in manufacturing data processing. To characterise the metal forming 

processes from the perspective of metadata, Chapter 3 provided a scientific guidance on 

developing the digital characteristics (DC) of manufacturing process covering metadata 

collection, information absent data processing and data characterisation. Using an information 

absent benchmark dataset of a representative metal forming process, Chapter 4 developed a 

physical-based algorithm, named the Evolutionary Binary (EB) algorithm, for recognising the 

absent features (i.e., the geometric features) from the information absent data. The recognition 

performance was compared to that of three classic machine learning algorithms (i.e., Decision 

Tree, K-Nearest Neighbour and Multilayer Perceptron algorithms) in terms of accuracy and 

efficiency. Subsequently, the DC of this metal forming process were developed and analysed 

in terms of the recognised geometric features. Chapter 5 established the digital characteristics 

space (DCS) of manufacturing processes based on the most up-to-date and comprehensive 

manufacturing DC developed using the EB algorithm. Therefore, taking the manufacturing 

DCS as a pairing reference, Chapter 6 proposed a machine learning-based approach to identify 
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the origins (e.g., which manufacturing process and stage) of an unknown manufacturing dataset. 

Based on the pairing results, the DC were developed and analysed for this paired manufacturing 

process. Finally, Chapter 7 presented the overview of the thesis, summarised the key 

contribution on the establishment of data science in manufacturing and main conclusions of 

this work, and explained the future research plans. 
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Chapter 2. Literature review 

The global manufacturing industry currently produces 200 kg of steel and 7 kg of aluminium 

per person per year that are transformed into a variety of goods satisfying universal demand, 

of which over 90% are metal working products50. Of these, approximately 90% of steel 

products4 and 67% of aluminium products5 are manufactured by at least one metal forming 

process. As one of the most important manufacturing crafts, the metal forming industry 

accounts for 15-20% of the national GDP of modern industrialised nations1. During the past 

decades, advanced metal forming technologies have been developed to enable the efficient 

production of complex-shaped metal components, which are widely used in automotive, 

aircraft, naval and domestic appliance applications, with high raw material usage, high post-

form material strength, and achieve remarkable reduction in weight and CO2 emissions9,10. For 

instance, the solution heat treatment, forming, and in-die quenching (HFQ) is one such sheet 

metal forming technology, where the blank is first heated to its solution heat treatment (SHT) 

temperature, and transferred to a cold die, formed rapidly and then held in the cold dies to 

achieve a fast quenching to obtain the desirable microstructure that is critical for post-form 

strength8,51. Another advanced metal forming technology, named the fast light alloys stamping 

technology (FAST), facilitates mass production by using ultra-fast heating of the alloy sheets 

that retain a similar strength to the as-received material in the formed components, with the 

springback effect being reduced or eliminated52. In addition, the metal forming related 

technologies such as coating14 and lubrication18 are fast developed to enhance the post-form 

strength and formability of products. 

Voluminous manufacturing data, proliferated daily at an ever-greater scale during 

production, research and development activities, have driven scientific advances in the metal 

forming sector towards the era of digital manufacturing. Data sciences in metal forming will 

become an emerging research area and effective tool to tackle this unprecedented surge in metal 

forming, and manufacturing metadata availability. This is being witnessed by the ongoing 

efforts made on developing the key digital technologies, including the industrial cyber-physical 

system (I-CPS), industrial internet of things (I-IoT), digital twin, big data analytics (BDA) and 

cloud computing (CC). These technologies are expected to enhance most stages during the 

metal forming, including the supply chains, raw material provision, tool design and 

manufacture, forming operations, energy consumption, cost, quality control and customer 

services. However, according to a survey carried out in 2020 for global manufacturers, 
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approximately 52% of the participating manufacturers indicated that their companies lack the 

expertise and culture to explore and use digital technologies. This can be further proved by the 

fact that only 28% of these responders have tried to integrate any digital technology to optimise 

their manufacturing processes53. The subdued inclination for uptake of these digital 

technologies leads to significant challenges when achieving the industry-scale transformation 

of digital manufacturing53. This chapter aims to review the recent development and 

implementations of key digital technologies towards data science in metal forming industry. 

 

2.1 Review on key digital technologies in Industry 4.0 

2.1.1 Industrial cyber-physical system (I-CPS) 

A rapid growth has been witnessed in the development of diverse cyber-physical systems (CPS). 

Of these, as shown in Fig. 1, the industrial cyber-physical system (I-CPS) can be defined as a 

combination of the industrial cyber and physical systems that synergistically enable precise 

and efficient manufacturing production applications25,30 enabled by computing, 

communication and control54. The I-CPS can be characterised in three influential components, 

i.e., (1) human component focusing on learning, technique and modelling, (2) cyber component 

focusing on data management and services, and (3) physical component focusing on 

configurations, sensing and communications. The interfaces of human-cyber, cyber-physical, 

and human-physical act as major roles in integrating all components to a unified system55.  

The I-CPS is expected to strengthen the operation stages throughout the entire metal 

forming plant, especially including the supply chains56, raw blanks or billets production57,58, 

manufacturing operation and quality prediction59, energy saving60, cost reduction and customer 

services61. The implementation of I-CPS in manufacturing requires sophisticated interactions 

among different digital technologies. Taking the digital transformation of a rolling mill as an 

example, the full integration of I-CPS in the rolling mill incorporates the sensing technology 

for collecting real-time big data, big data processing technology, and data visualisation 

technology for mapping the effects of milling parameters62. 

Despite the progress of these research and development, challenges also need to be paid 

attention when promoting the I-CPS and related technologies in metal manufacturing industry. 

The main challenge of its application can be found in the capabilities, management, engineering, 

infrastructures and information systems30, and unifying the standards in I-CPS with diverse 
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roles and functions such as the terminology standard, measurement standard and quality 

standard63.  

 

Figure 2.1 | The configuration of I-CPS22. I-CPS creates an interactive connection among the physical 

space, cyber space and industrial applications. 

 

2.1.2 Industrial internet of things (I-IoT) 

First introduced in 1999, the idea of internet of things (IoT) enables the inter-connection of 

‘Anything’ in ‘Anywhere’ at ‘Anytime’. Specifically, it is described as a smart system 

incorporating the physical world into a digital ecosystem61,64. Therein, the ‘things’ indicates 

the unprecedented amounts of electronic devices including wireless sensing networks, external 

recorders and other subsystems65. The IoT has attracted significantly increasing attention, and 

the total value of global IoT technologies is projected to reach $6.2 trillion by 202566.  

The industrial IoT (I-IoT) is the application of IoT in industrial activities, which is 

dedicated to improve the productivity, efficiency, safety, flexibility, scalability, customer 

service and enhancing intelligence of the manufacturing and industrial systems25,67. I-IoT offers 

seamless interoperability and connectivity among industrial devices, systems, services, 

networks, and in particular the control systems. I-IoT can be defined in three tiers from the 

industrial perspective25, i.e., Tier 1: physical layer, consisting of various hardware devices like 

sensors and external recorders; Tier 2: communication layer, providing shared manufacturing 

big data and connecting the physical layer to the Tier 3, the application layer, which is 

represented by the smart factory, smart plant and smart supply chain.  
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Figure 2.2 | Typical sensing network of metal forming workshops in I-IoT68. 

 

Advanced sensing technology is one of the key factors for realising the I-IoT in metal 

forming industry via connecting the physical layer with the application layer69. As shown in 

Fig. 2.2, the typical sensing network in metal forming workshops operated in I-IoT enable the 

sensing of protection of security, IT environment, power system and facilities around the 

factory68. The metal additive manufacturing (AM) has seen rapid growth over the past decade, 

with applications expanding into industrial grade requirements70–72. The significant growth rate 

stems from rapidly improving technologies for part accuracy, quality, and strength. The metal 

AM can be regarded as an essential ingredient in the intelligent production systems, and can 

be intelligently driven by integrating the Industry 4.0 technologies in CNC machines, 

especially the I-IoT technology73. Challenges in traditional metal AM, such as the poor 

repeatability, improper material property, interlayer imperfection, data management and low 

efficiency, can be improved by associating I-IoT74. In addition, the I-IoT technology has been 

implemented in servo presses in metal forming processes for improving the tool life75, in which 

the artificial intelligence (AI) is expected to be integrated to predict the future maintenance 

requirements. With overall monitoring of the metal forming workshop, including die casting76 

and forming processes60, the I-IoT technology can improve the energy efficiency and 

management of the metal forming enterprises. 

 

2.1.3 Digital twin 

Introduced in 2003 via a course named ‘product lifecycle management’ by Grieves77, digital 

twin has become one of the most promising technologies for realising Industry 4.0. Digital twin 

can be defined as the seamless integration between the cyber and physical spaces35. Specifically, 

in industrial applications, it integrates the physical manufacturing entities to their respective 

cyber entities and includes diverse decision-making algorithms, modules or platforms for 
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industrial activties34,78. Using the real-time data collected from embedded sensors, 

sophisticated high-fidelity models (virtual entity) are established to reflect the real-time state 

(such as information model and functional elements) by almost mirroring the entire life-cycle 

of the manufactured products (physical entity)34. 

The implementation of Digital twin in metal forming industry has been widely considered 

to improve the production from various perspectives, including the real-time component 

geometric precision and tolerance79, tools or forming machines80, energy consumption77, and 

design roadmap of the metal forming process 81. For instance, a digital twin-driven modelling 

method was proposed for reflecting real-time state of sheet metal forming process focusing on 

the die wear conditions77. The updating coefficient of friction, blank holder force, punch force, 

and punch displacement were monitored and captured by the force and displacement sensors. 

The optimisation results demonstrate that a 14.35% reduction was achieved in the maximum 

thinning region of the stamped part, as well as 8.9% reduction in the energy consumption 

through the forming process. 

The DT technology is now being actively considered as a supervisory role in metal AM 

process through real-time monitoring and control82–88. In addition, a digital twin-based CPS 

was proposed to predict whether a product can be formed in abnormal scenarios involving 

automotive body production lines89. The information models of the product, process, plant, etc., 

were established for the automotive body production lines. Experimental results demonstrate 

that an average prediction accuracy of over 96% was achieved in the actual production line. A 

hybrid data-driven and model-based framework for establishing a combined monitoring and 

control system was proposed in the complicated automotive sheet metal forming processes90. 

This framework used the retrieved data (such as the material information and coatings) and the 

captured real-time metal forming data (such as temperature, sheet thickness and tribology 

behaviours) as an input for the process models to predict the product/process settings as the 

output, then this would be utilised for optimising the product properties or process settings. 

However, the computational cost of the process model needs to be reduced to provide faster 

response, and further lab-scale validation is required on this framework, and the main challenge 

of digital twin remains as big data processing, and the privacy and security issues91. 
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2.1.4 Big data analytics (BDA) 

Big data (BD) refers to the datasets that are too large or complex to be tackled by traditional 

data-processing methods, thus requires new technologies to mine insightful information from 

it. Nowadays, BD can be characterised in five well-accepted dimensions, namely the ‘7Vs’ 

representing ‘Volume, Velocity, Value, Veracity, Variety, Visualisation and Variability’92. In 

addition, the well-known FAIR (Findable, Accessible, Interoperable and Reusable) data 

principles provided a foundational guideline for researchers to generate, store, utilise and 

manage scientific big data44. The FAIR data principles act as valuable guidebook since volumes 

of data are being generated and captured during daily manufacturing and academic activities.  

Big data generated during the metal manufacturing processes are mainly captured by the 

sensing networks32,37. In addition, the metal forming data can also be collected from the 

experimentally verified finite element analysis (FEA) simulations36,93. Fig. 2.3 shows the data 

mapping of the hot stamping datasets collected from the experimentally verified FEA models 

containing the thermo-mechanical information (e.g., temperature data, contact pressure data, 

strain rate data) of the stamping and quenching operations 8–10,52. These FEA models simulated 

the hot stamping of representative automotive components such as side beams, B-pillars and 

door inners. This data collection method can be proactive by providing optimisation 

suggestions through data processing and analysis before the actual forming process commences. 

The AI technology leads the investigations on big data processing in metal forming, 

spanning the material design78, forming force prediction94, tribological characteristics95,96 and 

product surface quality97, geometric accuracy98, process formability99, tool path design and 

generation100 (especially for incremental sheet metal forming101), product102 and die designs103, 

in-process defect monitoring104, etc. Therein, various AI methods, especially machine learning 

(ML) algorithms, including the artificial neural network (ANN) algorithm102, support vector 

machine (SVM)95, quantum-behaved particle swarm optimisation (QPSO) algorithm97, 

multilayer perceptron (MLP) algorithm105 and convolutional neural networks (CNNs)100, are 

widely utilised. In terms of the applications of AI in sheet metal forming, supervised ML is still 

the predominant AI method94. However, one of the limitations of ML algorithms is that the 

generalisation performance is always required to draw conclusions on a different metal forming 

process, if the dataset of that process is not included in the training data100. The generalisation 

refers to the ability of ML algorithms to perform well on unseen or new data which have not 

been specifically trained on. For instance, if a supervised ML algorithm was trained using the 

labelled data from metal stamping process, then its prediction performance can be very unstable 
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and inaccurate when processing the unseen data from another manufacturing process such as 

extrusion. 

 

Figure 2.3 | Mapping the dataset from a specific metal forming process, hot stamping process, for 

automotive components production106. Normalised temperature, contact pressure and strain rate are mapped 

for voluminous hot stamping datasets. 

 

Data visualisation can reveal insightful digital information. The global flow of steels4 and 

aluminium5 were mapped based on big data, which provides comprehensive image on the entire 

material supply chain cycle from the raw materials to end-use goods. Big data was collected 

from the manufacturing processes enabling the development of Digital Characteristics (DC) to 

map the manufacturing processes from the perspective of metadata3, where our understanding 

remains incomplete. The DC incorporates essential information spanning the design, 

manufacturing and application stages of the manufactured products3. Fig. 2.4 shows the DC 

developed based on the hot stamping contact condition data (contact pressure, temperature and 

sliding speed) in different key regions, i.e., short-stroke region (region 1), long-stroke region 

(region 2) and hybrid region (region 3)3. Region 1 features with short sliding distance 

(normalised, <0.1) and a large range of contact pressure (up to 200 MPa). In contrast, region 2 
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demonstrates a large sliding distance (normalised, up to 1) with low contact pressure (lower 

than 20 MPa). Region 3 is the tribologically harsh region with high contact pressure and sliding 

distance. Significant deviations of contact pressure, sliding speed and interfacial temperature 

can be observed in different key regions, which vastly affect the tribological behaviours in hot 

stamping process. 

It is the fact that the never-before-seen surge in the big data availability brings promising 

opportunities, while at the same time, brings tremendous challenges in data management and 

data processing as well107, not to mention manage such a vast volume of data under the 

guidance of the FAIR data principles. In addition, since the data privacy or protection policies 

are regarded as the top priority in manufacturing sector37, the collaborations, such as big data 

sharing and exchange within I-CPS or I-IoT systems, among different factories or institutions 

can be hindered. To process metal forming big data, the AI methods, especially the ML 

algorithms, are widely used nowadays. However, big challenges of achieving generalised 

prediction and high interpretability, and applying appropriate data pre-processing methods 

before using the ML algorithms remain. Moreover, due to the restrictions on the data collection 

methods and data privacy in automotive industry, most of the collected metal forming data 

would lack critical information of the formed products and metal forming process itself. This 

leads to unstable and inaccurate predictions while applying the ML algorithms since the 

available training data is insufficient. 

 

Figure 2.4 | Distribution of hot stamping contact condition metadata in key regions. Region 1 (R1), region 2 

(R2) and region 3 (R3)3. 
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2.1.5 Cloud computing (CC) 

Cloud-based computing resources, enabling distributed and dynamic collaborative 

manufacturing operations, have drawn increasing interests. Cloud computing (CC) is a model 

for enabling convenient, on-demand network access to a shared pool of configurable computing 

resources that can be rapidly provisioned and released with minimal management effort or 

service provider interaction108. The key for CC is to provide geographically distributed 

manufacturers with centralised computation services. For metal forming industry, a CC service 

was scheduled for establishing the cloud-based production system109. Therein, a genetic 

algorithm-based planning and scheduling application was developed to provide cost-efficiency, 

flexibility and scalability solutions. The application case demonstrates that the proposed 

scheduling system utilised the CC technology to provide ‘close to real-time’ analysis and 

planning according to the dynamic requirements and inputs for multiple factories. In addition, 

the incremental metal forming process was adapted into CC for providing flexible 

manufacturing service to production networks33. The tool path control was optimised by 

developing an adaptive control algorithm with variable forming depth at a process level for 

bypassing the fracturing of sheets due to the localised thinning. The potential of selecting 

incremental sheet forming service providers was highlighted based on the material database. 

 

Figure 2.5 | The MaaS (Model-as-a-Service) configuration of the cloud FEA platform94. This platform 

incorporates pre-FEA modules including Material-mate, IHTC-mate and Tribo-mate, and post-FEA modules 

including Tailor, Tool-maker and Formability. 
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Innovations are being made on configuring the cloud-based system for enhancing metal 

forming110. A group of researchers in Imperial College London have pioneered the cloud-based 

FEA technologies that enables advanced multi-objective FEA of metal forming processes to 

bridging the gap between fundamental research and industrial applications. In addition, 

commercial cloud based services such as the ESI cloud, AutoForm cloud, were developed to 

enhance the computational efficiency93,111,112. Unlike the traditional CC or Software-as-a-

Service (SaaS), this could-based platform is characterised by the framework of Model-as-a-

Service (MaaS) for tackling the future digital challenges. The platform is decentralised and 

encourages users to share and exchange the frontier knowledge by generating ready-to-use 

models or applications. By using the AI technologies, the uploaded models and published 

publications can be converted into applications that are compatible with the platform for global 

users. 

Specifically, this cloud-based FEA platform contains verified scientific data repository, 

pre-FEA modules, post-FEA modules, etc93,111. Fig. 2.5 shows the configuration of this novel 

platform, where the stored data can be used for data sharing and analysis, leading to digitally 

enhanced research and development94. The pre-FEA modules contain the ‘Material-mate’ 

module for enabling the generation of material cards to be used in forming tests, the ‘IHTC-

mate’ module for creating interfacial heat transfer coefficient (IHTC) computing plug-ins for 

heat transfer models, and the ‘Tribo-mate’ module for enabling interactive friction models to 

be used and validated by forming tests. The post-FEA modules contains the ‘Tailor’ module 

for enabling the prediction of post-form strength, the ‘Tool-maker’ module for enabling the 

prediction of cold die quenching efficiency, and the ‘Formability’ module for enabling the 

prediction of formability. The effectiveness of these functional modules was successfully 

validated in peer-reviewed studies towards automotive applications36,93,111–116. The cloud FEA 

can be further characterised into 3 layers, namely the resource layer, cloud platform layer and 

application layer. The resource providers and users can be world-wide academic institutions, 

material suppliers, and equipment, brand and design manufacturers. 

 

2.2 Review on manufacturing data processing technologies  

The volume of big metadata is rapidly growing through data collection from multi-source 

during daily manufacturing production and academic activities117. This unprecedent surging of 

the manufacturing metadata have profoundly influenced the research and development of 
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manufacturing technologies118. Fig. 2.6 shows the evolution of manufacturing metadata 

processing technologies118. In 1800s, the manufacturing data processing mostly relied on the 

experts’ experiences (‘handicraft age’); then through the ‘machine age’ to ‘information age’, 

the manufacturing data processing technologies, such as the computer aided design (CAD) and 

computer aided engineering (CAE), were widely applied to achieve the computer aided 

manufacturing. Currently, in the ‘big data age’, industrial 4.0 technologies are being 

extensively employed in manipulating the manufacturing big data, including the information 

systems data, smart equipment data, product data, user data and public data, with the support 

of internet and cloud-based technologies107. As one of the most effective tools of big data 

analytics, the artificial intelligence (AI) is expected to enable the intelligent manufacturing and 

the digital transformation of the manufacturing sector with the fusion of other digital 

technologies used in the ‘big data age’119,120.  

 

Figure 2.6 | The evolution of manufacturing metadata118. The manufacturing metadata evolution spanning 

over ‘handicraft age’, ‘machine age’, ‘information age’ and ‘big data age’. 
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Therein, machine learning (ML) is the representative approach of the AI to drive the AI 

tendency focusing on developing ‘brain-like’ intelligence models and more interpretable 

algorithms119. The ML algorithms can be broadly categorised as three representative types, 

named the supervised ML algorithms, semi-supervised ML algorithms and unsupervised ML 

algorithms121. The supervised ML algorithms (e.g., the decision tree122, random forest123, K-

nearest neighbour124 and multilayer perceptron125) can be used when a large amount of labelled 

data (e.g., over 70% of the whole dataset) are available. The ‘label’ indicates that the specific 

class of each training data point was clearly marked. The unsupervised learning algorithms 

(e.g., cluster analysis126) require no evaluation on the ‘labels’ and they are used to identify the 

key patterns of the unlabelled data121. The semi-supervised learning algorithms (e.g., label 

propagation127), also called weak supervision, fall between supervised learning and 

unsupervised learning approaches where the unlabelled data are usually more sufficient than 

the labelled data to help improve the generalisation performance. The supervised ML is the 

dominant approach when conducting the big data analysis of manufacturing metadata due to 

its better interpretability compared to the unsupervised ML algorithm43. However, it is 

challenging to obtain sufficient labelled data for training the supervised ML models due to 

enormous efforts spent on the labelling work. For instance, as one of the most widely used 

labelling approach, outsourcing labelling is very expensive and time-consuming, and the 

labelling accuracy is questionable when labelling the patterns or features that requires high 

expertise. 

The manufacturing data processing technologies and the aforementioned industry 4.0 

digital technologies are not isolated, as proved by the recent research focusing on the digital-

twin-driven supervised ML128, big data-driven and IoT-based ML approaches for real-time data 

processing129, and cloud computing-enhanced ML approaches130,131. In addition, the physical-

informed neutral networks (PINNs), first introduced by Raissi et al. for studying the hidden 

fluid mechanics132, are attracting wider attentions by integrating physical knowledge to the ML 

algorithms to enable more accurate and interpretable data processing, especially in material133 

and manufacturing fields134. Due to the voluminous manufacturing metadata captured using 

sensing networks, manufacturing big data processing systems have been developing over the 

past decades for more compact data processing128,135. This indicates that the realisation of 

efficient, accurate and intelligent manufacturing metadata processing requires emergent 

research on different disciplines and various digital technologies. 
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2.3 Summary 

This chapter reviewed the recent development and implementations of the representative key 

digital technologies in Industry 4.0 used in the manufacturing sector, together with the recent 

development of representative data processing technologies used in the manufacturing sector, 

especially the metal forming industry. The digital technologies, including a variety of 

manufacturing data processing and characterisation technologies, are not isolated. The 

increasingly sophisticated manufacturing operations requires the emergent research on 

industrial cyber-physical system, industrial internet of things, digital twin, big data analytics, 

cloud computing technologies, artificial intelligence and physical-informed digital 

technologies. Advances in mechanical engineering, material engineering, communication 

engineering, electronic and information engineering, computer science, control science and 

engineering, data science, etc., also support to widen the scope of these technologies. These 

are highly expected to boost the creation of new digital technologies and new emerging subjects 

focusing on the digital transformation of metal forming technologies. The AI approaches, 

represented by the machine learning (ML) algorithms, are widely used for processing the 

manufacturing metadata. However, the generalisation performance when tackling a new or an 

unlabelled dataset is necessary to be improved. This is extremely challenging regarding to the 

long-standing issue that most of the manufacturing metadata are lacking information, which 

makes it very challenging to obtain sufficient labelled data for the ML training. This indicates 

that a physical-based data processing technique is necessary for tackling the manufacturing 

metadata that lacking essential information. 
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Chapter 3. Guidance on digital characteristics (DC) development 

The understanding of the capabilities and strategic implications to extract the insightful values 

from manufacturing metadata remains incomplete136. To enable the characterisation of the 

manufacturing processes from the perspective of metadata, this thesis introduced a novel 

concept named the digital characteristics (DC), for visualising the manufacturing metadata 

incorporating the essential information spanning the design, manufacturing and application 

stages of the manufactured products3. Fig. 3.1 shows the overall guidance on the development 

of the DC of the manufacturing processes following the FAIR data principles, including the 

essential stages named manufacturing metadata collection that leads to the development of a 

cloud-based data repository, data processing consists of data pre-processing and information 

absent data processing that leads to the development of a physical-based Evolutionary Binary 

(EB) algorithm, and data characterisation that leads to the development of DC. The applications 

of the DC was demonstrated in Chapter 6. 

 

Figure 3.1 | The guidance on the digital characteristics (DC) development. Essential stages of developing 

the DC includes the metadata collection, data pre-processing and information absent data processing, and data 

characterisation. 
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3.1 Metadata collection leads to the establishment of cloud-based data 

repository and data pre-processing 

In this thesis, the manufacturing metadata were obtained from a cloud-based data repository, 

which is hosted on a knowledge sharing platform, the SmartForming®93,111,137,138, which 

focuses on the translation and wider sharing across different manufacturing sectors based on 

patented, experimentally verified and published frontier research. This platform has a monthly 

information traffic of 2.5 TB, including experimentally verified manufacturing metadata stored 

in the data repository, which are continuously contributed by world-leading academic 

institutions and industries located in over 35 countries over the past decade for research and 

development purposes111,114. With the joint efforts of these contributors, the manufacturing 

metadata used in this research were collected from multiple sources including the 

experimentally verified knowledge-based systems, finite element (FE) models, cloud-FE 

models and Industry 4.0 technologies. The metadata were strictly controlled so that only 

experimentally verified metadata were included.  

More specifically, the manufacturing data repository currently consists of large amounts 

of datasets filed in terms of different manufacturing processes characterised by the evolutions 

of over 20 types of thermo-mechanical data across the end-to-end manufacturing stages of the 

products. This further leads to the development of 201 functional data modules, consisting of 

the dataset file, verification reports, and corresponding data description and explanation, hosted 

in the data repository as open access resources. Each data module is available as an open access 

resource by referring to its unique ID number (Fig. 3.5), and the packed dataset is downloadable 

by the scientific community to augment the data-driven research efforts in manufacturing 

sciences, and furthermore, revolutionise the understanding in the era of digital manufacturing. 

The metal forming metadata used in this thesis can be obtained by visiting the cloud-based 

data repository via the link: https://app.smartforming.com/store/modules/all?categoryId=18. 

The instructional video on how to get access to the data repository can be seen via：

https://youtu.be/Y0ibUrkuXXs. Of these, two example data modules containing hot stamping 

datasets are available for free download for reproducing the main part of the current study: 

https://app.smartforming.com/store/modules/407;https://app.smartforming.com/store/modules

/408. 

https://app.smartforming.com/store/modules/all?categoryId=18
https://youtu.be/Y0ibUrkuXXs
https://app.smartforming.com/store/modules/407
https://app.smartforming.com/store/modules/408
https://app.smartforming.com/store/modules/408
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Figure 3.2 | Home page of the SmartForming® platform. 

 

 

Figure 3.3 | A list of categories on the marketplace (including ‘Data Space’). 
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Figure 3.4 | Functional data modules of manufacturing processes under ‘Data Space’. 

 

 

Figure 3.5 | Module details. 

 

 

Figure 3.6 | Downloading area of a free data module. 
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In the data repository, large volumes of manufacturing metadata were collected from 

various sources in addition to the data collected from sensors, such as individuals (handcraft 

knowledge), knowledge-based systems (KBS, established in 1970s for metal forming 

industry)139, FEA (established in 1990s for metal forming industry)140, cloud-based FEA 

(established in 2020s)93,138. Tab. 3.1 shows a breakdown in sources of manufacturing metadata 

collection in the current research over the past 15 years. The data collected from numerical 

sources were validated by the experimental data (collected by sensors). All metadata were 

collected with the joint contribution from the world-wide academic institutions and industries, 

and these metadata were used in the present work for research purposes. 

Table 3.1 | Sources of data in the current study. The manufacturing data used in the present research were 

collected from various sources including the KBS, FEA, cloud-based FEA and sensing networks. The 

proportion of data and properties of each data collection method are listed. 

Source Volume Verification Comprehensiveness 

KBS 6.64% Yes  

FEA 75.73% Yes  

Cloud-based FEA 16.63% Yes  

Sensing networks 1.0% \  

* Comprehensiveness: : Comprehensive (contains essential information for scientific research needs); 

: High; : Medium; : Fragmental (contains extremely scarce information). 

 

Fig. 3.7 further demonstrates the sources of metadata collection in this work. Therein:  

1. In Fig. 3.7a, 75.73% (Tab. 3.1) of the manufacturing data were collected from the 

experimentally verified FEA models, where comprehensive information can be captured, 

including the diverse thermo-mechanical data such as stress and strain rate data, that are 

hard to be measured during the manufacturing operations. Of these, essential information, 

such as material cards, can be obtained from the KBS systems. 

2. In Fig. 3.7b, 16.63% (Tab. 3.1) of the data (information absent for geometric features) were 

collected from the cloud-based (pre and post) FEA. These cloud-based technologies were 

jointly developed with the joint efforts with world-leading manufacturers for the analysis 

and optimisation of sheet metal forming processes with significant savings in R&D costs 

and efficient take-up of frontier knowledge. Furthermore, advanced FE simulations were 

carried out by running post-FEA analysis modules, including the prediction of ‘formability’, 

‘quenching efficiency’ and ‘post-form strength’.  

3. In Fig. 3.7c, the volume of data collected using sensing networks during experiments and 

manufacturing operations is 1.0% (Tab. 3.1). The data collected from sensors include (a) 
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temperature data collected by using thermo-couples or pyrometers141; (b) load-

displacement data collected by using load cells and displacement sensors142 and (c) surface 

strain distribution data collected by using a digital image correlation (DIC) techniques 

(ARAMIS or ARGUS)143,144. These data collected by sensors are essential to the validation 

of the data collected by other approaches.  

4. Fig. 3.7d shows the experimental validation process conducted by industry partners by 

forming the side beam panel components. Therein, the temperature (Fig. 3.7e) were 

captured using sensors (thermo-camera) during the entire forming process. The measured 

temperature data before and after forming were used to validate FE simulation results. An 

example of the captured temperature dataset is shown in Fig. 3.7f. 

At the present, all the metadata stored in this data repository have world-leading industrial 

collaborators involved via supporting on metal forming technology development and 

experiment conduction, and 76.1% of the data were contributed from collaborated 

industries9,10,18,145,146; where 30.1% of the data were focused on sheet metal forming processes 

(such as stamping, tube gas forming and hydroforming, and incremental forming), and 62.9% 

of the data focused on bulk metal forming processes (such as forging and cross-wedge rolling). 

The remaining data were collected from machining processes. For sheet metal forming 

processes, 47.1% of the data were contributed from the hot stamping technology, and 29.8% 

of the collected metadata were produced using aluminium alloy (including AA2xxx, AA5xxx, 

AA6xxx and AA7xxx series) as the workpiece material with the remainder being steel grades. 

These manufacturing datasets contains the information of operating conditions, tool and 

workpiece materials, experimental and modelling parameters, and the data that contains the 

information of diverse evolutionary thermo-mechanical metadata including the temperature, 

contact pressure, strain and strain rate.  
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Figure 3.7 | Manufacturing metadata collection. a, data collection from experimentally verified FEA models 

with essential information (e.g., material cards) in the KBS systems; b, data collection from cloud-based FEA; c, 

sensing networks; d, forming trials, e, case of temperature capture using thermo-camera during forming trials 

and f, the temperature data captured using thermo-camera during the production.  
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3.2 Information absent metadata processing 

A long-standing challenge has been found that most of the manufacturing metadata are 

information absent or fragmental due to the limitations of data collection abilities, and further 

restricted by ubiquitous policies or rules fostered in today’s manufacturing sector that require 

data privacy and protection46,47.  

The ‘information absent data’ is a counterpart of ‘rich data’ explained in FAIR data 

principles. To ensure the data are findable, accessible, interoperable and reusable, the rich data 

should be generous and extensive. Ideally, rich data allow computers to automatically 

accomplish routine and tedious sorting, and prioritising tasks that currently demand a lot of 

attention from engineers and researchers. Information absent data refer to data that lack 

information for a single or several data points, or a specific dataset or database, including 

critical information regarding the description, quality or condition, or essential features of the 

data, such as, physical or geometric features of the products or the underlying thermo-

mechanical metadata. The absence of such information significantly depreciates the essential 

data values, hinders the progress of knowledge management, reuse and movement, and further 

deteriorating the long-standing challenge regarding the shortage of labelled data, which leads 

to tremendous challenges for data manipulation, in-depth analysis, characterisation and 

visualisation following the well-known FAIR data principles48,49.  

The collected metal forming metadata are information absent. For example, it was found 

that 99.9% of these metal forming metadata lack the information of geometric features (a 

sample information absent dataset used in this thesis is shown in Fig. 3.8a and also Fig. 3.9, 

where the geometric features are absent). For example, In this thesis, an information absent 

dataset of the hot stamping process, which covers a wide range of hot stamped products, is used 

in Chapter 4 as a study case for information absent data processing and DC development, (Fig. 

3.8a). This leads to the identification of three representative geometric features of the hot 

stamping products, i.e., the blank holder (BH), flat bottom (FB) and side wall (SW) features 

(Fig. 3.8c) by developing the data processing methods for information absent metadata. Here, 

a representative hot stamped product containing these three features is shown in Fig. 3.8c: the 

BH feature contains all the data points remaining within the blank holder regions at the final 

forming stage, the FB feature contains all the data points between the flat parallel die surfaces 

at the final forming stage, and the SW feature contains all the data points entrapped in the die 

wall regions at the final forming stage. 
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Figure 3.8 | Recognising geometric features from information absent data and mapping manufacturing 

processes via developing the digital characteristics (DC). a, An example of information absent metal forming 

metadata collected from experimentally verified hot stamping FEA models. b, Developing innovative algorithm 

enabling the recognition of the geometric features from the information absent data by identifying the geometric 

origins of the data points, aiming to identify c, representative geometric features of hot stamped products, i.e., 

the blank holder (BH), flat bottom (FB) and side wall (SW) features. A representative hot stamped automotive 

structural product, side beam, is shown as an example. These geometric information are absent in the hot 

stamping dataset. d, The digital characteristics (DC) of over 140 manufacturing processes visualised based on 

metadata processed by the proposed algorithm. Each ‘ring’ represents a dataset of a manufacturing process, the 

size of the ‘ring’ indicates the volume of this dataset. 
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Figure 3.9 | A sample information absent dataset. The geometric features of the manufactured products are 

absent in the metadata. 

 

As show in Fig. 3.8b, to reveal more insightful information from the information absent 

metal forming metadata, this thesis proposed a purely physical-based algorithm, named the 

Evolutionary Binary (EB) algorithm, following the thermo-mechanical principles, by exploring 

the information absent hot stamping metadata via developing and analysing the unique DC of 

the hot stamping process. The EB algorithm enables the recognition of the absent features via 

identifying the origin of each data point. The EB algorithm is led by a governing equation 

shown as follows:  

∫ ∫
1

𝑠√2𝜋
∙ 𝑒

− 
[𝑓𝑖(𝑡)−𝑓𝑐]2

2𝑠2 𝑑𝑓𝑖(𝑡)
𝑓𝑖(𝑡)

−∞

𝑡

0

𝑑𝑡 = {
 0,   𝑑𝑎𝑡𝑎 𝑝𝑜𝑖𝑛𝑡 𝑤𝑎𝑠 𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑

         1,   𝑑𝑎𝑡𝑎 𝑝𝑜𝑖𝑛𝑡 𝑤𝑎𝑠 𝑛𝑜𝑡 𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑
(3.1) 

where ‘𝑓𝑖(𝑡) − 𝑓𝑐’ is the time-dependent thermo-mechanical filter (TMF) developed to identify 

the time-sensitive data points by discriminating the distinct evolutionary thermo-mechanical 
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characteristics against the critical value 𝑓𝑐, a thermo-mechanical based parameter. The TMF is 

the most important element embedded in the EB algorithm, which was developed to identify 

the data points with identical thermo-mechanical evolutionary characteristics, such as the data 

points with significant temperature reduction or sudden contact pressure variations during the 

production process (representing the characteristic of ‘Evolutionary’). Therein, 𝑓𝑖(𝑡) 

represents the thermo-mechanical data such as temperature data or contact pressure data; 𝑡 is 

the time that represents which stage(s) of thermo-mechanical data should be considered; the 

subscript i refers to the ith data point (i=1, 2, 3, …, n);  𝑠 is the model parameter, which is 

calibrated in the calibration process, which makes the EB algorithm calculate two outcomes 

(representing the characteristic of ‘Binary’): the data point with a calculation result being ‘0’ 

is identified, whereas a calculation result of ‘1’ remains as unidentified.  

 

3.3 Metadata visualisation leading to development of digital characteristics 

(DC) 

To enable research of manufacturing processes from the perspective of metadata, this thesis 

introduced the concept of the digital characteristics (DC), which is the visualisation of the 

metadata incorporating the essential information spanning the design, manufacturing and 

application stages of the manufactured products3 (Fig. 3.8d). Unique characteristics of any 

specific manufacturing process can be digitally revealed, and insightful information can be 

highlighted and analysed via using appropriate DC based on the processed manufacturing 

metadata. 

As shown in the Fig. 3.1, based on the verified manufacturing metadata (most of them are 

information absent), metadata pre-processing and processing (if the information of key features 

are absent) are applied to enable the DC development, which is a process of extraction of 

insightful characteristics from underlying scientific patterns. Then the DC are developed for 

specific features or manufacturing processes, and can be characterised by ‘3Us’, namely 

‘Unified’, ‘Unique’ and ‘Useful’, based on FAIR data principles. 

Unified: Diverse manufacturing processes can be comprehensively mapped by DC from 

the perspective of their metadata. All the manufacturing DC can be stored and retrieved in the 

cloud-based data repository with unified formats, rules for scientific data management and 

stewardship (e.g., FAIR data principles), and data privacy and protection policies, where the 
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data repository are updated with new manufacturing DC obtained by unified data collection, 

processing and characterisation methods. 

Unique: DC are developed based on the unique evolutionary thermo-mechanical 

properties of each manufacturing process. This is the intrinsic condition of the identification of 

the metadata collected from any specific manufacturing process, and the recognition of any 

specific feature (e.g., dimensional or geometric features of the manufactured products) from 

the information absent manufacturing metadata (see Section 3.2). Furthermore, the DC can be 

assigned a globally unique and persistent identifier. Every specific manufacturing dataset, and 

its corresponding DC, can be referred via a unique identification number (see Fig. A), which 

makes each dataset or DC available as an open access resource, downloadable by the scientific 

community to augment the data-driven research and development efforts in manufacturing 

sciences. 

Useful: As the mapping of the manufacturing processes, the DC enable insightful scientific 

research on the manufacturing processes from the perspective of metadata, and promotes the 

emerging research area of data sciences in manufacturing. Voluminous DC characterising 

different features of diverse manufacturing processes leads to the establishment of the digital 

characteristics space (DCS) of manufacturing processes (see Chapter 5). 

In the present research, by using the proposed EB algorithm, the unique digital 

characteristics (DC) have been identified for a variety of manufacturing processes, leading to 

the establishment of the digital characteristics space (DCS) of manufacturing processes (see 

Chapter 5) that provides open access to the most up-to-date and information-rich cloud-based 

DC repository for diverse manufacturing technologies to accelerate and enhance the scientific 

research. Fig. 3.8d shows an overview of the DC for over 140 manufacturing processes by 

visualising the processed metadata including the temperature data, contact pressure data, strain 

data and strain rate data. Here, it is found the DC of each manufacturing process as a unique 

feature which carries its essential thermo-mechanical features. 

 

3.4 Summary 

This chapter presented a guidance on developing the digital characteristics (DC) for diverse 

manufacturing processes following the well-known FAIR (Findable, Accessible, Interoperable 

and Reusable) data principles. The guidance was illustrated with essential elements including 
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the manufacturing metadata collection leads to the development of a cloud-based data 

repository, metadata pre-processing and information absent data processing leads to the 

development of a physical-based Evolutionary Binary (EB) algorithm embedded with different 

types of thermo-mechanical filters, and the data characterisation leads to the development of 

the DC. The DC were characterised with three characteristics, namely the ‘3Us’, indicating 

‘Unified’, ‘Unique’ and ‘Useful’, which supports the extraction of insightful characteristics 

from underlying scientific patterns, and then stimulates the future academic research and 

development.  
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Chapter 4. Unlocking digital characteristics (DC) of metal 

forming processes: a case study of hot stamping process 

In this Chapter, the digital characteristics (DC) were developed for a representative metal 

forming process, the hot stamping process, following the guidance of DC development 

explained in Chapter 3. Fig. 4.1 shows the technical route of recognising the absent geometric 

features using the Evolutionary Binary (EB) algorithm. The metadata were pre-processed and 

were used for developing the thermo-mechanical filters (TMFs) following the thermo-

mechanical principles. Embedded with the TFMs, the EB algorithm was applied on a 

benchmark dataset that contains 20,000 hot stamping data points to recognise three 

representative but absent geometric features, namely, the blank holder (BH), flat bottom (FB) 

and side wall (SW) features.  

 

Figure 4.1 | Technical route of information absent data processing and development of the digital 

characteristics (DC). 
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4.1 Hot stamping process 

Hot stamping is a hybrid metal forming process which combines forming and heat treatment 

in one process8. Advanced hot stamping technologies have been developed in the past decades 

to achieve the deformation of complex-shaped components and retain high post-formed 

strengths. For instance, Fig. 4.2 shows the schematic illustration of a representative advanced 

hot stamping technology, named the solution heat treatment, forming and indie quenching 

(HFQ®) technology, where the blank is first heated to its solution heat treatment (SHT) 

temperature, and transferred to a cold die, formed rapidly and then held in the cold dies to 

achieve a fast quenching to obtain the desirable microstructure that is critical for post-form 

strength9. The HFQ technology is also the main technology that contributes to the hot stamping 

metadata generation in the current study. 

 

Figure 4.2 | Schematic diagram of the HFQ forming process. 

 

For experimentally verified the hot stamping data collected from numerical sources, a 

series of experiments were conducted to verify the FEA models as the main data sources. Fig. 

4.3 shows the experimental facilities of uniaxial tensile test (UATT) for material 

characterisation (Fig. 4.3 a), friction test for friction model verification (Fig. 4.3 b), and the 

interfacial heat transfer coefficient (IHTC) test for IHTC model verification (Fig. 4.3 c), and 

an experimentally verified FEA model established for the B-pillar test under the loading 

condition (Fig. 4.3 d). Subsequently, the metadata (characterised by various evolutionary 

thermo-mechanical properties including the temperature, strain and strain rate, contact pressure 

and stress data) were collected from the workpiece during the forming and quenching 

operations of the FEA models, yet the information of the BH, FB and SW features are absent. 
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Figure 4.3 | Experimental and FEA setups. a, UATT test setup on the Gleeble 3800 simulator, b, friction test 

using Tribo-mate system3 including the operation robot and thermal box, and auto-lubrication rig , c, IHTC test 

setup on the Gleeble 3800 simulator and schematic diagram of the compression between the specimen and dies, 

and d, A verified FEA model of the B-pillar test under the loading condition. 

 

4.2 Developing the thermo-mechanical filters embedded in the EB 

algorithm by exploring information absent hot stamping data 

In Fig. 4.4, a schematic illustration of the temperature evolution is presented, which is a unique 

characteristic of the hot stamping process. The workpiece is heated (operation 1) to an elevated 

temperature and then soaked (operation 2) for a specified time period. Then, the hot/warm 

workpiece is rapidly transferred (operation 3) to a press and formed (operation 4) between a 

set of cold dies. Subsequently, the formed workpiece is held in the cold dies to achieve a rapid 

in-die quenching (operation 5). This unique processing window has led to the development of 

the unique DC by visualising the hot stamping metadata collected from the forming and 

quenching operations (operations 4 and 5), which carry the essential information of the 

temperature data (Fig. 4.4b), contact pressure data (Fig. 4.4c), major strain data (Fig. 4.3d), 

effective strain data (Fig. 4.4e), and strain rate data (Fig. 4.4f). 
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Figure 4.3 | Hot stamping process and the DC presenting its unique evolutionary thermo-mechanical 

characteristics. a, Schematic illustration of the hot stamping process via presenting its temperature evolution 

characteristics. The DC of the hot stamping process are presented by visualising the thermo-mechanical data of 

b, temperature, c, contact pressure, d, major strain, e, effective strain and f, strain rate data of the forming 

(normalised stages 0-5) and quenching (normalised stages 6-10) operations. Three representative data points 

(P1, P2 & P3) are selected to reveal the unique thermo-mechanical features from the DC. 

 

Developing TMF by analysing distinct temperature DC of the hot stamping process. As 

shown in Fig. 4.4b, the specific feature of temperature evolution can be clearly revealed by the 

temperature evolutions of three representative data points P1, P2 and P3, which were chosen 

from the blank holder (BH) feature, flat bottom (FB) feature and side wall (SW) feature, 

respectively, to highlight the difference among their thermo-mechanical evolutionary 

characteristics. The temperature of P1, P2 and P3 decreases by 105.8 ℃, 28.9 ℃ and 57.6 ℃ 
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from stages 2 to 5. This indicates that the data points can be identified by considering their 

distinct temperature reduction characteristics. For instance, P1, which experiences the most 

significant temperature reduction throughout stages 2 to 5, can be identified by: 

𝑇𝑖(𝑡) − 𝑇𝑖(𝑡 + 1) >  𝑇𝑐 ,     𝑖 = 1, 2, 3 ,      𝑡 = {2, 3, 4} (4.1) 

where 𝑇𝑖(𝑡) and 𝑇𝑖(𝑡 + 1) are the temperature data of the ith data point (i=1, 2, 3 in this case 

represents data points P1, P2 and P3) at normalised stage 𝑡 (stages 2, 3, 4 in this case) and 

subsequent normalised stage 𝑡 + 1 (stages 3, 4, 5 in this case); 𝑇𝑐 is the critical value of the 

temperature reduction (16.0< 𝑇𝑐 <25.1 ℃ in this case) enabling the identification of data 

points from a specific geometric region. The distinct temperature reduction characteristic are 

mainly caused by the unique loading conditions in different geometric regions. Thus, to 

recognise the geometric region containing data points like P1, the thermo-mechanical filter can 

be written as:  

𝑓𝑖(𝑡) − 𝑓𝑐 = 𝑇𝑖(𝑡𝑐) − 𝑇𝑖(𝑡𝑐 + 1) − 𝑇𝑐 ,     𝑖 = 1, 2, 3, . . . , n (4.2) 

where 𝑡𝑐  is the normalised stage and 𝑇𝑐  (representing 𝑓𝑐 ) is the thermo-mechanical based 

model parameter regarding temperature reduction that should be calibrated. 

Developing TMF by analysing distinct contact pressure DC. As shown in Fig. 4.4c, the 

contact pressure of P1 constantly increases from 0 to 11.11 MPa from stages 0 to 5, while that 

of P2 remains close to 0 until stage 4, followed by a sharp rise to 12.41 MPa at stage 5. The 

contact pressure of P3 increases to 4.14 MPa at stage 2, and then decreases to 0. This indicates 

that P2 can be identified by: 

|𝑃𝑖(𝑡 + 1) − 𝑃𝑖(𝑡)| <  𝑃𝑐 ,     𝑖 = 1, 2, 3 ,      𝑡 = {0, 1, 2, 3} (4.3) 

where 𝑃𝑖(𝑡) and 𝑃𝑖(𝑡 + 1) are the contact pressure data of the ith data point (i=1, 2, 3) at 

normalised stage 𝑡 (stages 0, 1, 2, 3 in this case) and subsequent normalised stage 𝑡 + 1 (stages 

1, 2, 3, 4 in this case); 𝑃𝑐 is the critical value of the contact pressure change (0< 𝑃𝑐 <0.23 MPa 

in this case). This indicates that to recognise the geometric region containing data points such 

as P2, the thermo-mechanical filter can be written as: 

𝑓𝑖(𝑡) − 𝑓𝑐 = |𝑃𝑖(𝑡𝑐 + 1) − 𝑃𝑖(𝑡𝑐)| −  𝑃𝑐  ,      𝑖 = 1, 2, 3, . . . , n (4.4) 

where 𝑃𝑐 (representing 𝑓𝑐) should be calibrated. 

Developing TMF by analysing distinct major and effective strains DC. As shown in Fig. 

4.4d and 4.4e, during stages 0 to 5, the major strain and effective strain of P1 increases from 0 
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to 9.31 × 10−5 and from 0 to 0.017, respectively, which are much lower than that of P2 and 

P3. Thus, P1 can be identified by: 

𝜀1,𝑖(𝑡) <  𝜀1,𝑐    or    𝜀eff,𝑖(𝑡) <  𝜀eff,𝑐 ,     𝑖 = 1, 2, 3 ,      𝑡 = {0, 1, 2, 3, 4, 5} (4.5) 

where 𝜀1,𝑖(𝑡) and 𝜀eff,𝑖(𝑡) are the major strain and effective strain data of the ith data point (i=1, 

2, 3) at normalised stage 𝑡 (stages 0, 1, 2, 3, 4, 5 in this case); 𝜀1,𝑐 and 𝜀eff,𝑐 are the critical 

values of the strain growths (2.71 × 10−4 < 𝜀1,𝑐 <0.026, 0.017< 𝜀eff,𝑐 <0.025 in this case). 

Thus, to recognise the geometric region containing data points such as P1, the thermo-

mechanical filter can be written as: 

𝑓𝑖(𝑡) − 𝑓𝑐 = 𝜀1,𝑖(𝑡𝑐) − 𝜀1,𝑐     or    𝜀eff,𝑖(𝑡𝑐) −  𝜀eff,𝑐 ,     𝑖 = 1, 2, 3, . . . , n (4.6) 

where 𝜀1,𝑐 and 𝜀eff,𝑐 (representing 𝑓𝑐) should be calibrated. 

Developing TMF by analysing distinct strain rate DC. As shown in Fig. 4.4f, distinct 

discrepancies are observed among the strain rate evolutions of P1, P2 and P3. For instance, the 

strain rate change of P2 from stages 4 to 5 is 3.18 s-1, which is the most significant among these 

three data points, and can lead to the identification of P2 by: 

|𝜀𝑖̇(𝑡 + 1) − 𝜀𝑖̇(𝑡)| >  𝜀𝑐̇            𝑡 = 4 (4.7) 

where 𝜀𝑖̇(𝑡) and 𝜀𝑖̇(𝑡 + 1) are the strain rate data of the ith data point (i=1, 2, 3) at normalised 

stage 𝑡 (stage 4 in this case) and subsequent normalised stage 𝑡 + 1 (stage 5 in this case); 𝜀𝑐̇ is 

the critical value of the strain rate change (0< 𝜀𝑐̇ <3.17 s-1 in this case). Thus, to recognise the 

geometric region containing data points such as P2, the thermo-mechanical filter can be written 

as: 

𝑓𝑖(𝑡) − 𝑓𝑐 = |𝜀𝑖̇(𝑡𝑐 + 1) − 𝜀𝑖̇(𝑡𝑐)| −  𝜀𝑐̇ ,     𝑖 = 1, 2, 3, . . . , n (4.8) 

where 𝜀𝑐̇ (representing 𝑓𝑐) should be calibrated. 

 

4.3 Information absent data processing: Geometric features recognition of 

hot stamping process 

Metadata pre-processing. Here, data cleaning was performed to exclude the unnecessary or 

irrelevant data points of the manufacturing metadata. For instance, data points collected from 

the tools were excluded from the hot stamping dataset since they were irrelevant to the task of 
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recognising the component’s geometric features. Data weighting was performed to eliminate 

the bias among different manufacturing datasets by selecting equal data points from each 

dataset. To enable the recognition, normalisation was conducted on the manufacturing stages 

and thermo-mechanical data. The operation stages of each manufacturing process were 

normalised from 0 to 10 with an interval of 1. For instance, the temperature data were 

normalised against the initial temperature of the workpiece (Eq. 4.9); the contact pressure, 

major strain, effective strain and strain rate data were normalised against the range of their 

values (Eqs. 4.10-4.13): 

𝑇𝑖,𝑗
<n>(𝑡) =

𝑇𝑖,𝑗(𝑡)

𝑇𝑗(𝑡0)
(4.9) 

𝑃𝑖,𝑗
<n>(𝑡) =

𝑃𝑖,𝑗(𝑡)

max(𝑃𝑗) − min(𝑃𝑗)
(4.10) 

𝜀1,𝑖,𝑗
<n>(𝑡) =

𝜀1,𝑖,𝑗(𝑡)

max(𝜀1,𝑗) − min(𝜀1,𝑗)
(4.11) 

𝜀eff,𝑖,𝑗
<n> (𝑡) =

𝜀eff,𝑖,𝑗(𝑡)

max(𝜀eff,𝑗) − min(𝜀eff,𝑗)
(4.12) 

𝜀𝑖̇,𝑗
<n>(𝑡) =

𝜀𝑖̇,𝑗(𝑡)

max(𝜀𝑗̇) − min(𝜀𝑗̇)
(4.13) 

where 𝑇𝑖,𝑗
<n>(𝑡) , 𝑃𝑖,𝑗

<n>(𝑡) , 𝜀1,𝑖,𝑗
<n>(𝑡) , 𝜀eff,𝑖,𝑗

<n> (𝑡)  and 𝜀𝑖̇,𝑗
<n>(𝑡)  are the normalised temperature, 

contact pressure, major strain, effective strain and strain rate of the ith data point in the jth 

manufacturing dataset at the normalised manufacturing stage 𝑡; 𝑇𝑗(𝑡0) represents the initial 

workpiece temperature of the jth dataset at the beginning of manufacturing (𝑡0). 

Thermo-mechanical filters. Using the proposed Evolutionary Binary (EB) algorithm (Eq. 3.1), 

the geometric features of the hot stamping component were recognised via identifying the 

origin of each data point. In Tab. 4.1, for respectively recognising the BH, FB and SW features, 

three TMFs of each case that provide the highest accuracies are presented. The development 

of the thermo-mechanical filters considers the evolutionary thermo-mechanical characteristics. 

Therein, the superscript <n> indicates that this thermo-mechanical data was normalised. 

Thus, 𝜀1,𝑖
<n>(𝑡𝑐) is the normalised major strain at the normalised stage 𝑡𝑐 ; 𝜀eff,𝑖

<n>(𝑡𝑐) is the 

normalised effective strain at stage 𝑡𝑐; 𝜀𝑖̇
<n>(𝑡𝑐) and 𝜀𝑖̇

<n>(𝑡𝑐 + 1) are the normalised strain 

rates at stage 𝑡c and subsequent stage 𝑡c + 1, respectively; 𝑃𝑖
<n>(𝑡𝑐) and 𝑃𝑖

<n>(𝑡𝑐 + 1) are the 
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normalised contact pressures at stage 𝑡c and subsequent stage 𝑡c + 1, respectively; 𝑇𝑖
<n>(𝑡𝑐) 

and 𝑇𝑖
<n>(𝑡𝑐 + 1) are the normalised temperatures at stage 𝑡c  and subsequent stage 𝑡c + 1, 

respectively; model parameter, including the 𝑡c, 𝜀1,𝑐, 𝜀𝑒ff,𝑐, 𝜀𝑐̇, 𝑃𝑐 and 𝑇𝑐, need to be calibrated. 

Table 4.1 | Thermo-mechanical filters (TMFs). This table lists three TMFs that provide the highest accuracies 

for respectively recognising the BH, FB and SW features. 

Objective Thermo-mechanical filter (TMF): 𝒇𝒊(𝒕) − 𝒇𝒄 

Recognising the 

blank holder 

(BH) feature 

BH-TMF 1 𝜀1,𝑖
<n>(𝑡𝑐) − 𝜀1,𝑐 

BH-TMF 2 𝜀eff,𝑖
<n>(𝑡𝑐) − 𝜀𝑒ff,𝑐 

BH-TMF 3 |𝜀𝑖̇
<n>(𝑡𝑐 + 1) − 𝜀𝑖̇

<n>(𝑡𝑐)| − 𝜀𝑐̇ 

Recognising the 

flat bottom (FB) 

feature 

FB-TMF 1 |𝑃𝑖
<n>(𝑡𝑐 + 1) − 𝑃𝑖

<n>(𝑡𝑐)| − 𝑃𝑐 

FB-TMF 2 𝑇𝑖
<n>(𝑡𝑐) − 𝑇𝑖

<n>(𝑡𝑐 + 1) − 𝑇𝑐 

FB-TMF 3 
Step 1: 𝜀1,𝑖

<n>(𝑡𝑐1) − 𝜀1,𝑐 

Step 2: 𝑇𝑖
<n>(𝑡𝑐2) − 𝑇𝑖

<n>(𝑡𝑐2 + 1) − 𝑇𝑐 

Recognising the 

side wall (SW) 

feature 

SW-TMF 1 −|𝑃𝑖
<n>(𝑡𝑐 + 1) − 𝑃𝑖

<n>(𝑡𝑐)| − 𝑃𝑐 

SW-TMF 2 𝜀𝑖̇
<n>(𝑡𝑐) − 𝜀𝑖̇

<n>(𝑡𝑐 + 1) − 𝜀𝑐̇ 

SW-TMF 3 
Step 1: 𝜀1,𝑖

<n>(𝑡𝑐1) − 𝜀1,𝑐 

Step 2: −|𝑇𝑖
<n>(𝑡𝑐2 + 1) − 𝑇𝑖

<n>(𝑡𝑐2)| − 𝑇𝑐 

 

Calibration and test of the EB algorithm. The performance of the EB algorithm was 

evaluated in terms of recognising the blank holder (BH), flat bottom (FB) and side wall (SW) 

features of the hot stamping products. To validate and evaluate the potential of the EB 

algorithm, 9 groups of calibration dataset sizes (CDSs) and test datasets sizes (TeDSs) were 

assigned within the 20,000 data points-benchmark dataset. The benchmark dataset was 

manually labelled with blank holder (BH), flat bottom (FB) and side wall (SW) features to 

facilitate the validation of the EB algorithm. To evaluate the performance of the EB algorithm 

with different amounts of labelled data, as listed in Tab. 4.2, nine groups of the calibration 

dataset sizes (CDSs) and test datasets sizes (TeDSs) were assigned within the benchmark 

dataset. 

During the calibration process of each thermo-mechanical filter (TMF), the model 

parameters (𝑓𝑐, 𝑡𝑐 and 𝑠) were calibrated via identifying the permutation and combination that 

provide the best accuracy using the calibration dataset. Subsequently, the test was performed 

using the test dataset with the calibrated model parameters to evaluate the test accuracy and 

efficiency. The data in the test dataset were not used in the calibration process. The calibration 

and test processes were automated and integrated in one calculation process, and the calibration 

time, test accuracy and test time with different CDSs were recorded for comparison. 
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Table 4.2 | Assignment of calibration and test dataset sizes with 20,000 hot stamping data points. The 

calibration dataset was used in the EB algorithm to calibrate the model parameters. The test dataset was used for 

evaluating the recognition performance. 

Calibration 

dataset 

CDSs 0.1% 0.5% 1% 5% 10% 25% 50% 75% 90% 

Data 

points 

amount 

20 100 200 1,000 2,000 5,000 10,000 15,000 18,000 

Test dataset 

TeDSs 99.9% 99.5% 99% 95% 90% 75% 50% 25% 10% 

Data 

points 

amount 

19,980 19,900 19,800 19,000 18,000 15,000 10,000 5,000 2,000 

 

Recognition performance. As shown in Fig. 4.5a, when recognising the BH feature, the 

accuracies of using the thermo-mechanical filters (TMFs) considering the characteristics of 

major strain data (BH-TMF 1), effective strain data (BH-TMF 2) and strain rate data (BH-TMF 

3), remain at the same-level, which range from minimum 91.23% (CDS=75%) to maximum 

96% (CDS=0.5%), 90.33% (CDS=75%) to 95.5% (CDS=1%), and 90.37% (CDS=75%) to 95% 

(CDS=0.1%), respectively. The maximum calibration time of BH-TMF 1 is 12.83±0.064 s 

(CDS=90%), which is approximately 3-4 times as that of the BH-TMF 2 (3.49±0.022 s, 

CDS=90%) and BH-TMF 3 (4.63±0.078 s, CDS=90%).  

As shown in Fig. 4.5b, the FB feature is identified by using the thermo-mechanical filters 

considering the contact pressure data (FB-TMF 1), temperature data (FB-TMF 2), and the 

major strain data (FB-TMF 3, Step 1) and contact pressure data (FB-TMF 3, Step 2). Therein, 

FB-TMF 2 provides the best accuracy ranging from minimum 92.68% (CDS=25%) to 

maximum 96.5% (CDS=1%). The accuracy of FB-TMF 1 and FB-TMF 3 ranges from 84.91% 

(CDS=75%) to 91% (CDS=0.5%), and from 89.1% (CDS=75%) to 92.31% (CDS=0.1%), 

respectively. Being a two-step recognition process, the maximum calibration time of FB-TMF 

3 is 94.55±3.31 s (CDS=90%), which is significantly larger than that of the FB-TMF 1 

(4.61±0.0092 s, CDS=90%) and FB-TMF 2 (4.57±0.043 s, CDS=90%).  

As shown in Fig. 4.5c, when recognising the SW feature, the accuracy ranges from 

minimum 78.55% (CDS=90%) to maximum 86% (CDS=0.5%) using the thermo-mechanical 

filters considering the contact pressure data (SW-TMF 1), 69% (CDS=1%) to 85% (CDS=0.1%) 

considering the strain rate data (SW-TMF 2), and 80.98% (CDS=50% & 75%) to 84.62% 

(CDS=0.1%) considering the major strain data (SW-TMF 3, Step 1) and temperature data (SW-

TMF 3, Step 2). Being a two-step recognition process, the maximum calibration time of SW-

TMF 3 is 101.56±0.23 s (CDS=90%), which is significantly larger than that of the SW-TMF 1 
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(4.42±0.068 s, CDS=90%) and SW-TMF 2 (4.42±0.060 s, CDS=90%). The final calibrated 

model parameters of each TMF for geometric feature recognition can be found in Tab. 4.3. 

 

Figure 4.4 | Performance of the EB algorithm for recognising representative geometric features of hot 

stamped products. The accuracy and efficiency of the EB algorithm are evaluated in recognising the a.1-a.3, 
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BH feature, b.1-b.3, FB feature and c.1-c.3, SW feature under 9 groups of CDSs (0.1%, 0.5%, 1%, 5%, 10%, 

25%, 50%, 75% and 90%) and TeDSs (correspondingly, 99.9%, 99.5%, 99%, 95%, 90%, 75%, 50%, 25% and 

10%). The details of the calibrated model parameters (𝑓𝑐, 𝑡𝑐 and 𝑠) of each thermo-mechanical filter with 

different CDSs are listed in Tab. 4.3. 

Table 4.3 | Model parameters of EB algorithm. The calibrated model parameters (𝑓𝑐, 𝑡𝑐 and 𝑠) were 

automatically calibrated via identifying the permutation and combination that provided the best accuracy while 

using different sizes of calibration dataset (CDSs: 0.1%, 0.5%, 1%, 5%, 10%, 25%, 50%, 75% and 90%). The 

recognised geometric features are shown in this table. 

 

 



 

43 
 

4.4 Performance comparison between the EB algorithm and classic 

machine learning algorithms 

The performance of the EB algorithm was evaluated in terms of recognising the BH, FB and 

SW features under 9 groups of calibration dataset sizes (CDSs) and test datasets sizes (TeDSs) 

(Tab. 4.2). For comparative purposes, three classic machine leaning (ML) algorithms, the 

Decision Tree (DT), K-Nearest Neighbour (KNN) and Multilayer Perceptron (MLP) 

algorithms, were trained by using nine groups of training datasets of the exact sizes as CDSs. 

While the sizes of CDSs and training dataset sizes (TDSs) were the same, the test dataset sizes 

(TeDSs) were also assigned to test the performance of ML algorithms and compared.  

The ML algorithms enabled the recognition of all three geometrical features 

simultaneously. With CDSs of 0.1%, 0.5% and 1%, the EB algorithm yielded the accuracy of 

94%-96% when recognising the BH feature, 88.5-96.5% when recognising the FB feature, and 

nearly 80-86% when recognising the SW feature (Fig. 4.5a-4.5c). Specifically, the accuracies 

of recognising the BH feature were 10.64%-60.23% (CDS=0.1%), 6.05%-76.88% (CDS=0.5%) 

and 8.71%-76.21% (CDS=1%) greater than that of the DT, KNN and MLP algorithms, 

respectively; and that for recognising the FB feature were 2.37%-80.84% (CDS=0.1%), 0-

77.05% (CDS=0.5%) and 0-85.9% (CDS=1%), for recognising the SW feature were 0-41.06% 

(CDS=0.1%), 0-84.62% (CDS=0.5%) and 0-59.16% (CDS=1%). Meanwhile, the EB 

algorithm (maximum 0.16 s consumed in calibration) enabled an average 100-fold increase in 

the computational speed than these three ML algorithms due to their nonignorable training and 

validation time (see Fig. 4.5d). Nevertheless, there is a significant potential to improve the ML 

algorithms used in the present research by incorporating information on the physical nature of 

manufacturing processes133,147. 

With large-volume TDSs such as 50%, 75% and 90%, the EB algorithm yielded a same-

level accuracy as the ML algorithms especially when recognising the BH and FB features (Fig. 

4.5a and 4.5b). Meanwhile, the DT, KNN and MLP algorithms outperformed when recognising 

the SW feature, and yielded 4.52-17.74% (TDS=50%), 0.09-18.23% (TDS=75%) and 2-18.15% 

(TDS=90%) higher than that of the EB algorithm, respectively (Fig. 4.5c). However, as a 

consequence, the training and validation time surged accordingly with large-volume TDSs, 

which were on average 16-fold slower than the EB algorithm. This was particularly proved by 

the maximum training and validation time of 666.30±143.70 s (TDS=90%) while using the 
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MLP algorithm (Fig. 4.5d). Therein, 566.07±185.43 s was spent on the validation process. 

Meanwhile, the corresponding test time increased accordingly to 15.05±1.89 s (TDS=90%). 

 

Figure 4.5 | Performance of the EB and ML algorithms for geometrical feature recognition. The accuracy 

and efficiency of the EB algorithm and ML algorithms (DT, KNN and MLP algorithms) were evaluated in 

recognising the a, BH feature, b, FB feature and c, SW feature. Therein, the time spent on the calibration process 

(automatic) of the EB algorithm, and the d, training and validation time of the ML algorithms were addressed. 
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4.5 Analysing DC of hot stamping process in terms of geometric features 

By using the EB algorithm, the data points of the blank holder (BH) feature, flat bottom (FB) 

feature and side wall (SW) feature are accurately and efficiently recognised. The EB algorithm 

yields a highly efficient recognition of geometric features for a metal formed product with 

nearly 95% of overall accuracy with sparsely labelled data points (≤1%). In this section, the 

unique DC of the hot stamping process in terms of the three geometric features are developed 

and analysed. 

Hot stamping DC in terms of the BH feature. As for the BH feature, the temperature data 

cluster at the beginning of this manufacturing process with the same normalised initial 

temperature as 1.0 (Fig. 4.6a.1). As the forming process proceeds, the temperature data 

continuous to scatter (Fig. 4.6a.1), particularly demonstrating a clear temperature reduction at 

stage 6 (beginning of the quenching operation) to a minimum value of 0.14 (Fig. 4.6a.2). 

Subsequently, the minimum temperature value reduces from 0.14 (stage 6) to 0.057 (stage 10), 

while the median of temperature reduces from 0.24 to 0.11. In addition, the contact pressure 

data scatter within 0-0.5 during the forming operation (stages 0 to 5) (Fig. 4.6a.1). Most of the 

contact pressure data remain no more than 0.03 throughout the entire process (with the medians 

varying within 0-0.0056) (Fig. 4.6a.3).  

The effective strain data of the BH feature scatter from 0 (Fig. 4.6b.1 and 4.7b.2), while 

remain at low values (<0.07) throughout the entire process due to the material flow restriction 

applied by the blank holders (Fig. 4.6b.2). The strain rate data initially cluster at 0, then 

remained at approximately 0.03 until stage 4 (Fig. 4.6b.1 and 4.7b.3). At stage 5, an increase 

of strain rate is observed with a maximum value of 0.10, which is caused by the sudden shaping 

applied by the tools. During stages 6-10, the strain rate values are all 0 since the forming 

process is completed. 

Hot stamping DC in terms of the FB feature. The temperature reduction is insignificant at 

the beginning (Fig. 4.6a.1), as observed by all temperature data that are greater than 0.95 from 

stage 0 to 4, and greater than 0.91 at stage 5 (Fig. 4.6a.2). At stage 6, the minimum temperature 

rapidly reduces to approximately 0.17, and keeps declining to 0.07 at the end of in-die 

quenching. Meanwhile, the median temperature reduces from 0.59 to 0.09. The contact 

pressure data essentially concentrate to 0.10 until stage 4 (Fig. 4.6a.3). However, a significant 

pressure rising trend is observed at stage 5 (peak value of up to 0.98), which can also be 

demonstrated by the increasing temperature reduction rate (Fig. 4.6a.2). This is due to the die-
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closing at the final stamping stage. Finally, the maximum contact pressure remains within the 

0.96-1.0 range at stages 6-10, although with the medians all as 0, indicating that the contact 

between the workpiece and dies is imperfect (Fig. 4.6a.3).  

The effective strain data at stage 0 are all 0 indicating no initial deformation occurs (Fig. 

4.6b.1 and 4.7b.2). Subsequently the effective strain data begin to scatter, where the maximum 

value increases from 0 to 0.67, and the median increases from 0 to 0.07, respectively, from 

stages 0 to 5 (Fig. 4.6b.1 and 4.7b.2). The strain rate data are initially all 0, and lower than 0.1 

until stage 4, where an abrupt strain rate increase is observed at stage 5, with a maximum strain 

rate of 1.0 due to the rapid shaping (Fig. 4.6b.3). The strain rates are all 0 during stages 6-10 

since no deformation occurred within the region of FB. 

Hot stamping DC in terms of the SW feature. The temperature data cluster at the beginning 

with the same high initial normalised temperature of 1.0 (Fig. 4.6a.1), followed by the rapid 

heat transfer due to the contact between the hot workpiece and cold dies (Fig. 4.6a.2). A 

maximum temperature of 1.0007 is observed at stage 1 due to the inevitable frictional heat. 

Then, a significant temperature reduction is observed as the quenching commences, when the 

minimum temperature decreases from 0.17 to 0.06, with the median reducing from 0.58 to 0.10. 

The contact pressure scatter from 0 (Fig. 4.6a.1), where the peak contact pressure increases 

from 0 to 1.0 from stages 0 to 5 (forming operation), then at stages 6-10 (quenching operation), 

the distribution of the contact pressure data is maintained steady with insignificant variation, 

proved by the median contact pressure varying within 0-0.0078 (Fig. 4.6a.3).  

The effective strain data are all 0 (Fig. 4.6b.1 and 4.7b.2), with subsequent scatter being 

more significant than the BH and FB features. The peak effective strain increases sharply from 

0 to 1.0, and the median increases from 0 to 0.12 at stage 5 (Fig. 4.6b.2). This demonstrates 

that large plastic deformations for shaping the final components mainly occurs in the region of 

SW. Similar to the effective strain characteristics, the strain rates are much more significant at 

stage 5 (a peak value of 1.0) (Fig. 4.6b.3). The strain rates are all 0 during stages 6-10 since the 

forming operation is completed, which is also proved by the steady distribution of the effective 

strain data during this period (Fig. 4.6b.2). 
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Figure 4.6 | Digital Characteristics (DC) of the hot stamping process in terms of geometric features. The 

information of the geometric features was recognised by the EB algorithm. a.1-a.3, DC by visualising the 

normalised contact pressure and normalised temperature, respectively, based on 3 geometrical features as a 

function of normalised forming stages from 0 to 10; b.1-b.3, DC by visualising the normalised effective strain 

and normalised strain rate, respectively, based on 3 regions as a function of normalised forming stages from 0 to 

10; c.1, DC by visualising the unique normalised temperature of 3 representative geometric features as a 

function of normalised manufacturing stages from 0 to 10. 

 

Unique temperature DC of hot stamping process. As the most representative thermo-

mechanical characteristic of the hot stamping process, the evolutionary pattern of the hot 

stamping temperature data (normalised) was tracked and mapped as a function of normalised 

stages 0-10 (Fig. 4.7a-4.7c). The overall feature of the temperature data flow follows a ‘reverse-

bias flow’ pattern, indicating the data mainly flows from high value zone into low value zone, 

for instance, the data flows from Zone IV into Zones II or III, or from Zone II to Zone I.  

From stages 0 to 5 (the stamping operation), approximately 9.7-56.6%, 0.7-26.8% and 

0.08-61.9% of the data in Zones I, II and III respectively flow from Zone IV to Zone III, and 

approximately 1.0-36.6% and 0.3-27.6% of the data in Zones I and III flow from Zone III to 

Zone II (Fig. 4.7a-4.7c). During this period, the temperature reduction in Zone II is very 

insignificant compared to that of other two regions, since all the temperature data remain within 

Zone IV and Zone III (Fig. 4.7b). Specifically, all the temperature data in Zone II remain over 

0.9 from stages 0 to 5. Interestingly, 0.2% of the data are observed transiting from Zone III to 

Zone IV at stage 4 in Region II (Fig. 4.7b), and two flows with 0.04% and 0.13% data in Zone 

III are observed from Zone II to Zone III at stages 3 and 4 (Fig. 4.7c). These were likely caused 

by the rising frictional heat during the stamping operation.  

From stages 6 to 10 (the quenching operation), the temperature reduction rate significantly 

increases. This indicates that an efficient cooling operation was likely applied on the workpiece. 

In Zone I, approximately 28.2% and 8.7% data flow from Zone III to Zone II and I, and 39.4% 

data flow from Zone II to Zone I at stage 5, where the cooling effect immediately appears (Fig. 

4.7a). Meanwhile, in Zone II, 15.1% and 12.9% data flow from Zone IV to Zone III and II, and 

51.0% and 13.6% data flow from Zone III to Zone II and I (Fig. 4.7b). In Zone III, 43.9% and 

2.8% data flow from Zone III to Zone II and I, and 3.6% of the data flow from Zone II to Zone 

I at stage 5 (Fig. 4.7b). The continuous temperature reduction leads to the disappearance of 

Zone IV and Zone III from stage 8. At the end of this manufacturing process, 93.1%, 76.4% 

and 81.0% of the data remain within Zone I, which is the extremely low temperature regime 

(Fig. 4.7a-4.7c). 
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Figure 4.7 | Digital characteristics (DC) of the metal forming process featured by evolutionary 

temperature flow. DC by visualising the temperature data flow of the a, BH feature, b, FB feature and c, SW 

feature as a function of normalised stages 0-10 (stages 0-5: forming operation, stages 6-10: quenching 

operation). The data proportion (%) was calculated based on the total number of data points. The temperature 

data flow (100%) was split into four sequential ranges, i.e., Zone I, Zone II, Zone III and Zone IV, according to 

the minimum (0.057), first quartile (0.23), median (0.75), third quartile (0.99) and maximum (1.0007) of the 

collected temperature data. The width of the links between two adjacent forming stages is proportional to the 

data point flow. 

 

4.6 Summary 

This chapter presented the detailed development of the thermo-mechanical filters integrated in 

the physical-based Evolutionary Binary (EB) algorithm. This was realised by developing and 

analysing the unique temperature DC, strain DC, contact pressure DC and strain rate DC of a 

manufacturing process (hot stamping process in this case). Using a hot stamping benchmark 

dataset that contains 20,000 data points with manually labelled BH, FB and SW features, the 

recognition performance of EB algorithm was evaluated in terms of the recognition accuracy 

and efficiency. Results demonstrate that the EB algorithm achieved an overall accuracy of over 

95% when identifying the data points from the BH, FB and SW features. High efficiency was 

achieved since the maximum calculation time was estimated less than 13 s. The recognition 

performance was compared to that of three classic machining learning (ML) algorithms. With 

small volume of labelled data (e.g., ≤1%), the EB algorithm is much more accurate than that 

of the ML algorithms. When the labelled dataset size increases to 75%, the ML algorithms 
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outperformed the EB algorithm with more accurate results, especially when recognising the 

SW features. However, the calculation time of the ML algorithms significantly increased, as 

proved by the maximum calibration time of over 666 s for the MLP algorithm. Then, the unique 

digital characteristics (DC) of the hot stamping process was developed and analysed in terms 

of the recognised geometric features. Particularly, the DC of temperature, one of the most 

important and unique thermo-mechanical characteristics of the hot stamping process, was 

developed and analysed. 
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Chapter 5. Establishing digital characteristics space (DCS) of 

manufacturing processes 

5.1 DCS of manufacturing processes 

The proposed Evolutionary Binary (EB) algorithm enables the recognition of the missing 

features from information absent manufacturing data, which enables the mining of insightful 

digital informatics and in-depth understanding of manufacturing technologies. Taking 

advantage of the surging volume of manufacturing metadata and its fidelity towards diverse 

manufacturing processes, the implementation of the EB algorithm enables the establishment of 

the digital characteristics space (DCS) of manufacturing processes, which is a novel cloud-

based DC repository with most information-rich and up-to-date DC of over 140 manufacturing 

processes including a variety of sheet and bulk metal forming processes (Fig. 5.1).  

Therein, the DCS is shown using the DC of one of the most representative thermo-

mechanical characteristics, namely the forming/manufacturing temperature, of diverse 

manufacturing processes, including the stamping, cross wedge rolling, forging, rolling, 

extrusion, creep age forming, tube hydro/gas forming and incremental forming processes, 

spanning over representative sheet and bulk metal forming technologies. Key markers in the 

manufacturing data can be used as anchors to classify the shared data from ancestral 

manufacturing processes, and the DC of any size of the fragmental data is constructed and is 

precisely located in this manufacturing DCS. For instance, each manufacturing process can be 

precisely located via calibrated ‘angles’ (e.g., as shown in Fig. 5.1, the forging process is 

identified with angle range of 21.97°-37.66° based on the unique DC distribution) or 

normalised values (e.g., the forging process is identified with value range of 0.24-0.42 based 

on the unique DC distribution) visualised in this DCS of manufacturing processes. These types 

of characteristics enable the potential applications of the DCS, such as the pairing of fragmental 

data (dataset that contains few data points of extremely sparse information) by comparing to 

the existing DC stored in the DCS. 
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Figure 5.1 | The manufacturing DC space (DCS). The DCS is designed to contain the most comprehensive 

and up-to-date DC visualised for diverse manufacturing processes.  

 

The purpose of the DCS is to provide access for scientific and industrial communities to 

the most up-to-date and information-rich DC of diverse manufacturing technologies. 

Experimentally verified manufacturing metadata is contributed to this cloud repository from 

world-leading academic laboratories and industrial institutions (Fig. 5.1), and can be lacking 

critical identification information including thermo-mechanical and geometric features. 

Sequencing through this data, the EB algorithm distinguishes each manufacturing process via 

its unique DC (e.g., DC visualised based on normalised temperature during a process as shown 

in Fig. 5.1) by identifying any inherited features from similar data of other manufacturing 

processes. The DCS enables easy searching and browsing of the data with unique identification 

numbers (Fig. 5.2), and each dataset is available as an open access resource, downloadable via 
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its globally unique and permanent ID by the scientific community to augment the data-driven 

research and development efforts in manufacturing sciences. 

 

Figure 5.2 / Figure A (shown in the beginning of the thesis) | DCS of manufacturing processes showing 201 

open access manufacturing datasets processed by the EB algorithm. By using the EB algorithm proposed in 

this study, the data in DCS are characterised by the DC of over 140 manufacturing processes including the sheet 

metal forming and bulk metal forming technologies.  

 

Representative thermo-mechanical data, each with a unique identification number, from 

different metal forming processes are mapped in the DCS (Fig. 5.2). The data is available as 

open access to promote collaboration as a contributory resource for the advancement of 

manufacturing data sciences. As can be seen in Part I of Fig. 5.2, at present, the DC of the sheet 

metal forming processes show that across the end-to-end manufacturing stages, the temperature 

data values range from room temperature to 1267.0 ℃, contact pressure data values range from 

0 to 243.3 MPa, effective strain data values range from 0 to 0.95, and strain rate data values 

range from 0 to 18.8 s-1. In Part 2 of the DCS, at present, the DC of the bulk metal forming 

processes show that the temperature data values of bulk metal forming processes range from 

306.2 ℃ to 1254.3 ℃, contact pressure data values range from 0 to 1000.0 MPa, effective 

strain data values range from 0 to 2.5, and strain rate data values range from 0 to 99.9 s-1. In 

the Part 3 of the DCS, at present, the DC of the machining processes show that the temperature 

data values range from room temperature to 642.6 ℃, contact pressure data values range from 

0 to 2,258.3 MPa, effective strain data values range from 0 to 5.94, and strain rate data values 

range from 0 to 10,0000 s-1. The DCS enables the searching and browsing of the data with 

unique identification numbers, and each dataset or data fragment is available as an open access 

resource, downloadable by the scientific community to augment the data-driven research and 

development efforts in manufacturing sciences.  

The DCS of manufacturing processes is a cutting-edge digital technology enabling the 

scientific community to gain access to the comprehensive manufacturing information, which 

is based on experimentally verified data and employs the key enabling approaches in terms of 

information absent data processing techniques (e.g., the EB algorithm) and data 
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characterisation techniques (e.g., the development of DC). Empowered by these technologies, 

the DCS can enable significant scientific impact by uncovering the esoteric values from any 

information absent manufacturing data, or fragmental data that contains extremely scarce 

information. For instance, to identify the origins of a random data or fragmental data, through 

the comparison with the manufacturing DC stored in the DCS, end-to-end global recognition 

of the fragmental data is expected to be achieved based on the extracted digital informatics 

(e.g., DC) and characteristic similarity to the incumbent manufacturing data.  

 

5.2 Summary 

This chapter introduced the establishment of the digital characteristics space (DCS) of 

manufacturing processes. The DCS was established by using the Evolutionary Binary (EB) 

algorithm for providing open access to scientific communities to the most comprehensive, up-

to-date and information-rich DC of over 140 manufacturing processes. By using the data 

processing (e.g., EB algorithm) and characterisation technologies (DC), the DCS of 

manufacturing processes can enable significant scientific impacts by uncovering the esoteric 

values from any information absent manufacturing data, or fragmental data that contains 

extremely scarce information. This application is expected to augment the data-driven research 

and development efforts in manufacturing sciences. Potential applications, e.g., the fragmental 

data pairing, of the DCS were explained and studied in Chapter 6. 
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Chapter 6. Pairing unknown manufacturing fragmental data 

using digital characteristics space (DCS) as reference 

This chapter introduced one of the applications of the digital characteristics space (DCS) of 

manufacturing processes. Using the DCS as the pairing reference, the esoteric values of any 

information absent manufacturing data, or even fragmental data (dataset that contains only a 

few of data points with extremely sparse information) that contains extremely scarce 

information. Figure 6.1 shows a flow chart of the pairing process, where the origins (e.g., which 

manufacturing process and stages) of a fragmental data can be identified using the DCS as a 

reference. The machine learning approach was applied in this thesis for pairing the fragmental 

data since after processing the information absent data using the EB algorithm, the DCS can 

be regarded as a labelled big database. Then the trained models can be used to predict the 

origins of any specific fragmental data. 

 

Figure 6.1 | The technical route of pairing an unknown fragmental data using the DCS as a reference.  

 

6.1 Pairing model development and validation 

Developing the pairing model using ML algorithm. The decision tree (DT) machine learning 

algorithm, one of the most classic machine learning algorithms, was employed in this thesis to 

recognise the manufacturing characteristics from fragmental data piece by comparing the 

thermo-mechanical characteristics with that of the DCS. The training process was conducted 
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inside the manufacturing DCS considering the thermo-mechanical characteristics of the entire 

manufacturing stages of different manufacturing processes. This indicates that the thermo-

mechanical data (e.g., temperature data, one of the most distinct features in manufacturing 

processes) of each stage of each manufacturing process will be labelled as a distinct group 

respectively. After training (training dataset size assigned for each group: 90%), the 

temperature DC-based pairing model dedicated to different fragmental data sizes were 

established. A grid search was performed with stratified fivefold cross-validation in the training 

dataset for tuning the hyperparameters including the ‘criterion’ (the function to measure the 

quality of a split), ‘splitter’ (the strategy used to choose the split at each node), ‘max_depth’ 

(the maximum depth of the tree), ‘min_samples_split’ (the minimum number of samples 

required to split an internal node) and ‘min_samples_leaf’ (the minimum number of samples 

required to be at a leaf node).  

By using a ‘length-scanning approach’, during the training of the temperature-based 

pairing model of length n, a ‘scanning window’ with a length of n was applied in each DC 

group for traversing throughout the entire length of the group, intending to capture each 

regional DC distribution characteristics within the ‘scanning window’ that varied significantly 

among different DC groups, so that the pairing model for length n can be trained using the 

captured DC distribution characteristics. 

Subsequently, this pairing model was hyperparameter tuned and tested for evaluating the 

performance. The test dataset (size: 10% of whole data) was used for testing of the pairing 

models. The validated models can be utilised for recognising the origin of fragmental data 

without additional training or validation procedures during the prediction phase unless the 

temperature DC in the DCS is updated. Particularly, the overall accuracies on identifying which 

manufacturing process and manufacturing stage for different lengths of 100, 50, 40, 30, 20 and 

10 were 81.27±0.16%, 80.05±0.14%, 79.51±0.10%, 77.97±0.15%, 75.97±0.19% and 

70.16±0.13%, respectively. Based on multiple trials, the time spent for establishing the pairing 

models of lengths of 100, 50, 40, 30, 20 and 10 are 148.9±1.4 s, 95.7±1.2 s, 84.4±1.3 s, 76.8±1.1 

s, 65.4±1.1 s and 53.6±0.9 s, respectively.  

After training and testing, the pairing model was established and ready for predicting the 

origins of fragmental data with a specific length n (each fragmental data length with a specific 

paring model), indicating that the model can be used for identifying any fragmental data with 
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the same lengths as n without repetitive training unless the current DC in the DCS is being 

updated.  

Validation of the pairing model. A hot stamping benchmark dataset contains 5,000 

temperature data points (https://app.smartforming.com/store/modules/408) was used for 

validating the trained pairing model. In total, 18 fragmental data were randomly selected from 

this dataset with clear labels on manufacturing stages. The fragmental data were randomly 

assigned into six groups with various lengths, i.e., 100 temperature data points (L100-FD 1-3), 

50 temperature data points (L50-FD 1-3), 40 temperature data points (L40-FD 1-3), 30 

temperature data points (L30-FD 1-3), 20 temperature data points (L20-FD 1-3) and 10 

temperature data points (L10-FD 1-3). In each group, three fragmental data pieces with the 

same lengths (e.g., L100-FD 1, L100-FD 2 and L100-FD 3) were prepared for comparison. 

Tab. 6.1 lists the validation results, where an overall accuracy 77.7% was achieved. 

Table 6.1 | Validation of the trained pairing model using a benchmark hot stamping dataset. 
Therein, ‘HS-Sx’ means the xth manufacturing stage of hot stamping process. 

Fragmental data True labels Predicted labels Result 

L100-FD 1 HS-S10 HS-S9 Incorrect 

L100-FD 2 HS-S10 HS-S10 Correct 

L100-FD 3 HS-S1 HS-S1 Correct 

L50-FD 1 HS-S5 HS-S6 Incorrect 

L50-FD 2 HS-S10 HS-S8 Incorrect 

L50-FD 3 HS-S11 HS-S11 Correct 

L40-FD 1 HS-S6 HS-S6 Correct 

L40-FD 2 HS-S1 HS-S1 Correct 

L40-FD 3 HS-S2 HS-S2 Correct 

L30-FD 1 HS-S11 HS-S11 Correct 

L30-FD 2 HS-S9 HS-S9 Correct 

L30-FD 3 HS-S1 HS-S1 Correct 

L20-FD 1 HS-S10 HS-S9 Incorrect 

L20-FD 2 HS-S11 HS-S11 Correct 

L20-FD 3 HS-S5 HS-S5 Correct 

L10-FD 1 HS-S6 HS-S6 Correct 

L10-FD 2 HS-S3 HS-S3 Correct 

L10-FD 3 HS-S2 HS-S2 Correct 

Overall accuracy:  77.7% 
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6.2 Pairing fragmental data against existing DC in DCS of manufacturing 

processes 

Acquisition of fragmental data. A dataset of an unknown manufacturing process that contains 

35,126 temperature data points was provided by a collaborative industry partner for research 

purposes. Therein, the temperature metadata were captured using infrared pyrometers and 

thermo-couples during forming trials or real production and have not been processed or 

analysed. In total, 18 fragmental data were randomly selected from this unknown temperature 

dataset, as shown in Fig. 6.2a, to enable a comparative study of the identification of the 

fragmental data pieces. The fragmental data were randomly assigned into six groups with 

various lengths, i.e., 100 temperature data points (0.29% of the whole unknown dataset, L100-

FD 1-3), 50 temperature data points (0.15%, L50-FD 1-3), 40 temperature data points (0.12%, 

L40-FD 1-3), 30 temperature data points (0.087%, L30-FD 1-3), 20 temperature data points 

(0.058%, L20-FD 1-3) and 10 temperature data points (0.029%, L10-FD 1-3). In each group, 

three fragmental data pieces with the same lengths (e.g., L100-FD 1, L100-FD 2 and L100-FD 

3) were prepared for comparison. 

 

Figure 6.2 | Pairing fragmental temperature DC against the temperature DC in DCS. Six groups of 

randomly selected fragmental data with different lengths are paired with the most up-to-date temperature DC in 

the DCS (where ‘L100-FD 1’ means fragmental data 1 with a length of 100). DCS pairing models are trained, 

validated and tested using the existing temperature DC. 

 



 

60 
 

Pairing fragmental temperature data against the existing temperature DC in the DCS. In 

the present work, the fragmental temperature data are compared to the temperature DC stored 

in the DCS to identify the origin of this manufacturing dataset (Fig. 6.2b). Temperature DC-

based pairing models were developed for identifying the origins of fragmental data with 

different lengths of 100, 50, 40, 30, 20 and 10, respectively. Regarding the temperature DC of 

each manufacturing stage of a specific manufacturing process (e.g., temperature DC at initial 

stage of stamping process) as a distinct DC group (over 60 groups in total), the DCS pairing 

model is trained using the existing temperature DC when identifying a given fragmental data 

with a specific length n (e.g., L100-FD 1). 

Pairing results. The pairing results provide the manufacturing characteristics including the 

origins (e.g., ‘which manufacturing process’ and ‘which manufacturing stage’) of each 

fragmental data. As shown in Fig. 6.2c, using the temperature DC-based paring models 

developed for 18 fragmental data lengths of 100 (L100-FD 1-3), 50 (L50-FD 1-3), 40 (L40-FD 

1-3), 30 (L30-FD 1-3), 20 (L20-FD 1-3) and 10 (L10-FD 1-3), although these randomly 

selected fragmental data were identified with varying probabilities as originating from different 

manufacturing stages, they all stem from same manufacturing process - specifically, the cross 

wedge rolling (CWR) process (L100-FD 1: CWR-S10, L100-FD 2: CWR-S6, L100-FD 3: 

CWR-S5; L50-FD 1: CWR-S7, L50-FD 2: CWR-S8, L50-FD 3: CWR-S6; L40-FD 1: CWR-

S3, L40-FD 2: CWR-S3, L40-FD 3: CWR-S9; L30-FD 1: CWR-S4, L30-FD 2: CWR-S10, 

L30-FD 3: CWR-S10; L20-FD 1: CWR-S6, L20-FD 2: CWR-S6, L20-FD 3: CWR-S8 and 

L10-FD 1: CWR-S3, L10-FD 2: CWR-S9, L10-FD 3: CWR-S9). The overall accuracies refer 

to the test accuracies when establishing the pairing model, which are 81.27±0.16%, 

80.05±0.14%, 79.51±0.10%, 77.97±0.15%, 75.97±0.19% and 70.16±0.13% for different 

lengths of 100, 50, 40, 30, 20 and 10, respectively. 

 

6.3 Cross wedge rolling (CWR) process 

Cross wedge rolling process. Cross wedge rolling (CWR) is a metal forming process which 

plastically deforms a billet into an axisymmetrical shape by moving a pair of wedge-shaped 

tools tangentially towards each other148–150. After decades of developments, the CWR has been 

designed and classified into five types based on the configuration of tools, including the flat 

type CWR (FT-CWR), multiple rolls CWR, concave wedge CWR, concave-roll CWR and flat 

wedge-roll CWR100. Fig. 6.3 illustrates the schematic working principle of a representative 
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CWR process, namely the FT-CWR, and the typical shapes of the initial billets and deformation 

process, and the typical shapes of the final component151–154. The billets are first rolled into 

cylindrical shape and then formed into final products by the tangentially sliding tools.  

The CWR increasingly attracts attentions from industries due to significant advantages on 

high productivity, material utilisation, easy automation, less energy consumption and eco-

friendliness153,155. During the past few decades, most of the studies of CWR focus on revealing 

the failure mechanisms of the typical failure modes, including the improperly formed cross 

section of workpiece, the surface defects and the internal defects150,156–158. While due to the fast 

development and optimisation throughout the CWR production, and non-destructive testing 

(NDT) technologies on internal crack detection, the internal crack failure has been almost 

eliminated. Currently, the most concern issue in the CWR production, is to further increase the 

material utilisation, especially through optimising the end forming quality towards to the near-

net CWR forming159–161. 

 

Figure 6.3 | Introduction of the CWR process. a, Schematic working principle of the CWR process (using flat 

type cross wedge rolling process as a case); b, typical shapes of the initial billets and deformation process and c, 

the typical shape of the final component151–154. 

 

The CWR process can be typically classified into four distinct stages150. Fig. 6.4 

schematically shows the typical stages of the CWR process (using FT-CWR for a clearer 

illustration): 

Stage 1: Knifing stage. The tool wedge rapidly penetrates the billet surface and plastically 

deforms a V-shaped slot into the circumference of the workpiece. The depth of the slot reaches 
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the required rolling depth, ∆𝑟. The angle of the V-shaped slot is determined by the forming 

angle, α. 

Stage 2: Guiding stage. The tool longitudinally enlarges the V-shaped slot obtained in the 

knifing stage into a uniform groove around the circumference of the workpiece. During the 

rolling process, this stage keeps the deformed part concentric with the undeformed regions. 

Stage 3: Stretching stage. In this stage, the billet is further stretched along the longitudinal 

direction to the target length, and substantial plastic deformation takes place in this stage. The 

amounts of the plastic deformation and the elongation of the workpiece is determined by the 

stretching angle, β. 

Stage 4: Sizing stage. This stage tunes the dimension tolerance and removes the profile 

irregularity remaining from the previous stages, leading to the improvement of surface quality. 

In addition, the trimming process is included or followed to cut off the end-waste from the 

workpiece. 

The forming angle α and the stretching angle β are the key tool design parameters in CWR. 

In addition, the area reduction ratio (δ) can be calculated by the initial diameter of the billet 

(𝑑0) and the central diameter of the final workpiece (𝑑), which is defined as 1 − (𝑑/𝑑0)2. 

These geometrical parameters can significantly affect the rolling quality, stability and failure 

modes of CWR162,163. 

 

Figure 6.4 | Typical segments of tools in CWR. The knifing stage, guiding stage, stretching stage and sizing 

stage are schematically illustrated. 
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Experimental setup. The experiments were carried out in the FT-CWR machines of an 

industrial collaborator that focuses on the CWR production. The experimental data were 

collection during the forming and were used to validate the data collection from the FEA 

models. The top and bottom tools in the FT-CWR machines are driven by hydraulic loadings 

and move over each other at the same linear speed to form the billets (Fig. 6.5a). The rolling 

force and temperature were obtained and used for the verifications on FT-CWR FEA models. 

As shown in Tab. 6.2, the tools are made of DIN-1.2343 steel, while the workpiece is made of 

DIN-1.7034 steel. 

 

Figure 6.5 | Experimental setup. a, FT-CWR machine; b, Contact pressure recoding and monitoring system; c, 

Infrared pyrometer monitoring temperature variation; d, Forming test in progress; e, Formed components (BM 

88). 

 

Table 6.2 | Chemical compositions of tool (DIN-1.2343) and workpiece (DIN-1.7034) materials 
(wt %). 

 
C (%) Si (%) Mn (%) P (%) S (%) Cr (%) Mo (%) V (%) Fe (%) 

DIN-1.2343 0.33-0.41 0.8-1.2 0.25-0.5 ≤0.03 ≤0.02 4.8-5.5 1.1-1.5 0.3-0.5 Bal. 

DIN-1.7034 0.34-0.41 ≤0.4 0.6-0.9 ≤0.025 ≤0.035 0.9-1.2 - - Bal. 

 

 

The rolling force data were converted from the pressure data measured from the pressure 

recording system connecting with tools (Fig. 6.5b). The rolling and returning strokes of the top 

and bottom tools are controlled by the installed hydraulic oil pumps. The programmable logic 

controller (PLC) was applied to record and display the pressure variation curves via pressure 

sensors installed in the pumps. The sensors recorded the pressure data according to the 

deformation amount of the workpiece during rolling. The rolling force-displacement curves 

can be further developed for the verifications of the FEA simulated rolling force evolutions, 

and its mechanism can be seen in Fig. 6.6. 
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Figure 6.6 | Mechanisms of tool sliding and pressure recording system. 

 

Finite element analyse (FEA) modelling setup. The DCS contains the CWR data obtained 

from a large number of models spanning seven different types of components, including a 

bypass valve shaft (product ID: BM 88, Fig. 6.7a), a trunnion ball part (BM 236, Fig. 6.7b), a 

connecting pipe (BM 244, Fig. 6.7c), two types of mining cutter bodies (BM 250 and BM 337, 

Fig. 6.7d and Fig. 6.7g) and two types of hydraulic power steering components (BM 253 and 

BM 257, Fig. 6.7e and Fig. 6.7f). The geometric and dimensional parameters of the components 

and tools, as well as the essential operating parameters, were provided by the industrial 

collaborator (Tab. 6.3).  

Table 6.3 | Geometric and operating information. The detailed dimensional parameters of the billets and tools 

are listed, together with the essential operating parameters. 

Product ID BM 88 BM 236 BM 244 BM 250 BM 253 BM 257 BM 337 

Billet length  

(mm) 
86±0.5 90±0.5 53±0.5 105±0.5 124±0.5 120±0.5 150±0.5 

Billet Diameter 

(mm) 
32±0.5 32±0.5 32±0.5 48±0.5 42±0.5 42±0.5 40±0.5 

Tool length  

(mm) 
900±0.5 700±0.5 900±0.5 900±0.5 900±0.5 900±0.5 1048±0.5 

Tool width  

(mm) 
170±0.5 320±0.5 198±0.5 270±0.5 259±0.5 276±0.5 274.5±0.5 

Initial 

temperature (℃) 
1194 1100 1100 1095 1100 1100 1096 

Forming time  

(s) 
1.5 5.1 5.1 5.1 5.1 5.1 5 
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Figure 6.7 | CWR CAD components and designs of tool wedges. Seven components, namely a, BM 88, b, 

BM 236, c, BM 244, d, BM 250, e, BM 253, f, BM 257, and g, BM 337, and their tool designs are presented. h, 

Example of meshed view based on BM 88 modelling. 

 

The FEA models of the CWR process were created using QForm. Enhanced by the dual 

mesh feature, QForm is a computationally efficient and highly robust tool used in simulating 

and analysing metal forming processes, especially bulk metal forming processes such as rolling, 

forging and extrusion156. Geometry models of the billets and tool parts generated in CAD 

software were imported into the FE codes. As confirmed by the industrial collaborator, the tool 

material is specified as DIN-1.2343 tool steel which is appropriate for producing highly 

stressed structural parts, and the billet material is specified as DIN-1.7034 alloy steel which is 

ideal for parts that require high strength, toughness and ductility. The tool part was assigned a 

very high stiffness to prevent it from deforming. The dimensions of the billets and tools are the 

same as those used in the experiments, and the positions of the billets on the bottom tool were 

kept consistent with the corresponding experiments. 3D simulations were selected, and based 

on the dual mesh feature, the remeshing function was turned on due to the complex shape of 

the formed components (Fig. 6.7h). An explicit solver was selected due to its robustness in 

handling a frictional contact issue compared to the implicit solver164. The FEA results were 



 

66 
 

verified by comparing the rolling force-displacement and temperature-displacement evolutions 

during forming with the corresponding experimental results conducted in the industrial 

collaborator’s production plant.  

Experimental verification of FE models via rolling force-displacement curves. Fig. 6.8 

shows the rolling force evolutions from FEA and experiment of BM 88 component. The FEA 

simulated and experimental results both present the same ‘double-rolling-force-peak’ features. 

The rolling force of FEA constantly increases until the first peak of the simulated result appears 

with a rolling force of around 3.57 tons at 0.213 s. Compared to the experimental data with a 

rolling force of 3.80 tons at around 0.15 s, a close agreement of the peak values was obtained 

with an error less than 7 %. This peak represents the billet was penetrated in by the tool wedges, 

where large rolling force was required for initial cutting. As the rolling proceeds, the rolling 

force of FEA continues to drop till a valley of 0.81 tons appears, which is slightly lower than 

the experimental valley value (approximately 1.36 tons). Subsequently, the rolling force of 

FEA increases because the plastic deformations occur on both sides of the workpiece, where a 

second peak of FEA (4.43 tons) occurs at around 0.960 s. A close agreement between the FEA 

and experimental measurement (4.44 tons) was observed with an error less than 0.3 %. Then 

the rolling force remains a decreasing trend, where a sudden increase in the rolling force occurs 

due to the trimming of end waste. 

 

Figure 6.8 | Verification of FEA models for the BM 88 component using rolling force-displacement 

curves. 
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Experimental verification of FE models via temperature-displacement curves. The 

operation temperature data were recorded by the infrared pyrometer installed in the FT-CWR 

machines (Fig. 6.5c). The measuring position was at the side surfaces of the initial workpiece 

and the final formed component. The pyrometer precision is within approximately ± 0.5 °C for 

the target temperatures ranging from 700 °C to 1,300 °C. Consequently, the temperature-

displacement curves can be developed for the experimental verifications on FEA temperature 

variations. Fig. 6.9 shows the temperature evolutions during cross wedge rolling of BM 88 

component. The temperature evolution of the side face of the workpiece from FEA was 

captured for the experimental verification. The initial temperature of FEA is 1,200 °C, then it 

decreases till the termination of rolling, from the knifing stage to the sizing and trimming stage. 

The FEA temperature of the formed workpiece after rolling is 1,141 °C. Compared to the final 

workpiece temperature measured in the experiment (1,148 °C), a close agreement was obtained 

with an error of 0.6 %. 

 

Figure 6.9 | Verification of FEA models for the BM 88 component using temperature-displacement 

curves. 

 

Fig. 6.10 shows the temperature evolutions during cross wedge rolling of BM 250 and 337 

components. The temperature evolutions of the side face of the workpieces from FEA were 

captured for the experimental verifications. The initial temperatures of both components are 

1,100 °C for the FEA simulation, and the decreasing trends of the temperature evolutions from 

the knifing stage to the sizing and trimming stage are observed. The final temperatures of FEA 

simulation of the BM 250 and BM 337 components are 1,047 °C and 1,068 °C. The measured 

temperatures of the formed BM 250 and BM 337 components are 1,041 °C and 1,063 °C. Thus, 
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close agreements between the FEA and experimental measurements of BM 250 and BM 337 

can be obtained with errors of 0.6 % and 0.5 %, respectively. 

 

Figure 6.10 | Verification of FEA models for the BM 250 and BM 337 component using temperature-

displacement curves. 

 

6.4 Developing the unique DC for the CWR process 

Here, diverse unique DC are analysed by mapping the unique thermo-mechanical metadata of 

over 1 million CWR data points stored in the data repository of manufacturing processes, 

including the essential thermo-mechanical metadata represented by temperature data, contact 

pressure data, effective strain data and strain rate data. The forming stages of each CWR 

process are normalised from 0 to 10 with an interval of 1 to enable the integrated analysis. 

Analysing the unique temperature DC of the CWR process. Fig. 6.11a shows the unique 

DC of the CWR process mapping the forming temperature. Therein, in Fig. 6.11a-I, each 

circular layer contains the temperature of over 1 million CWR data points, and the overall trend 

is radially characterised through the 11 normalised forming stages from 0 to 10. The width of 

each circular layer represents the temperature value of 1,300 ℃. The forming temperature of 

the CWR process ranges from 875.6 ℃ (observed in forming stage 3 as indicated by the region 

3 of Fig. 6.11a-I) to 1,267.0 ℃ (observed in forming stage 2 as indicated by the region 2 of 

Fig. 6.11a-I) during the entire forming process. at the beginning of forming (stage 0), the billets 

are heated to their initial temperature values of 1,194 ℃, 1,095 ℃ and 1,100 ℃ (observed in 

the initial stage as indicated by the region 1 of Fig. 6.11a-I), respectively, and are then placed 

between two parallel wedge-shaped tools and formed at room temperature. As the forming 
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process proceeds, the billets are then formed in a non-isothermal condition due to the cooling 

effect induced by heat transfer between hot billets and cold tools, and the heating effect induced 

by frictional heat and plastic deformation. Particularly, the mean temperature of different initial 

temperature 1,194 ℃, 1,095 ℃ and 1,100 ℃ of each stage are 1,193.1 ℃, 1,087.5 ℃ and 

1,090.9 ℃ (stage 1), 1,200.8 ℃, 1,075.0 ℃ and 1,088.7 ℃ (stage 2), 1,202.7 ℃, 1,067.5 ℃ 

and 1,082.5 ℃ (stage 3), 1,203.4 ℃, 1,059.2 ℃ and 1,080.0 ℃ (stage 4), 1,199.3 ℃, 1,054.7 ℃ 

and 1,076.2 ℃ (stage 5), 1,196.4 ℃, 1,053.6 ℃ and 1,071.4 ℃ (stage 6), 1,194.3 ℃, 1,052.0 ℃ 

and 1,067.7 ℃ (stage 7), 1,190.1 ℃, 1,043.0 ℃ and 1,062.2 ℃ (stage 8), 1,187.7 ℃, 1,039.5 ℃ 

and 1,061.2 ℃ (stage 9), and 1,187.9 ℃, 1,035.1 ℃ and 1,062.7 ℃ (stage 10), respectively. 

Although increasing mean temperature occurs due to the heating effect, an overall decreasing 

trend is observed during forming due to the more dominant cooling effect. 

Fig. 6.11a-II shows the DC that maps the temperature distribution probability of over 1 

million CWR data points through the 11 normalised forming stages from 0 to 10. The 

temperature rise can be attributed to the increasing frictional heat and substantial plastic 

deformation. Particularly, 29.43% (stage 1), 33.74% (stage 2), 34.48% (stage 3), 33.96% (stage 

4), 28.61% (stage 5), 28.57% (stage 6), 26.26% (stage 7), 23.61% (stage 8), 22.17% (stage 9), 

and 22.39% (stage 10) of the data points have the temperature values greater than their 

corresponding initial forming temperatures at stage 0 (1,194 ℃, 1,095 ℃ and 1,100 ℃), 

respectively. However, overall, heat transfer between the hot billets and the cold tools leads to 

significant temperature reduction of the billets, as proved by the fact that there are 70.57% 

(stage 1), 66.26% (stage 2), 65.52% (stage 3), 66.04% (stage 4), 71.39% (stage 5), 71.43% 

(stage 6), 73.74% (stage 7), 76.39% (stage 8), 77.83% (stage 9), and 77.61% (stage 10) of the 

data points exhibit the temperature values smaller than their corresponding initial forming 

temperatures at stage 0 (1,194 ℃, 1,095 ℃ and 1,100 ℃), respectively. Of these, the 

probabilities of stages 2 to 4 (<70%) are smaller than others mainly due to the heat induced by 

friction and rapid penetration of the tools into the billet surface in the early forming stages. 

Analysing the unique effective strain DC of the CWR process. Fig. 6.11b shows the unique 

DC of the CWR process mapping the effective strain through the 11 normalised forming stages 

from 0 to 10. The effective strain of the CWR process ranges from 0 (observed in forming stage 

0 as indicated by the region 1 of Fig. 6.11b-I) to 2.95 (observed in forming stage 6 as indicated 

by the region 2 of Fig. 6.11b-I) during the entire forming process. At the beginning of forming, 

the effective strain data are all 0, then as the forming process proceeds, an overall increasing 

trend can be observed until the end of forming. Particularly, the mean and median of the 
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effective strain are 0.24 and 0.15 (stage 1), 0.43 and 0.39 (stage 2), 0.51 and 0.47 (stage 3), 

0.58 and 0.55 (stage 4), 0.59 and 0.54 (stage 5), 0.60 and 0.54 (stage 6), 0.60 and 0.55 (stage 

7), 0.62 and 0.59 (stage 8), 0.67 and 0.71 (stage 9), and 0.72 and 0.77 (stage 10), respectively. 

Obvious growths in the mean and median effective strain are observed from stages 0 to 4 and 

from stages 7 to 10, except stages 4 to 5, where the main region of the billets may go through 

the guiding stage without significant stretching deformation.  

Fig. 6.11b-II shows the DC that maps the effective strain distribution probability through 

the 11 normalised forming stages from 0 to 10. Of these, there are 99.96% (stage 1), 88.22% 

(stage 2), 88.26% (stage 3), 78.22% (stage 4), 78.83% (stage 5), 79.87% (stage 6), 79.52% 

(stage 7), 79.61% (stage 8), 78.65% (stage 9), and 73.61% (stage 10) of the data points have 

the effective strain values smaller than 1.0, respectively. In addition, there are 84.57% (stage 

1), 60.39% (stage 2), 52.57% (stage 3), 46.87% (stage 4), 46.78% (stage 5), 46.43% (stage 6), 

46.43% (stage 7), 42.65% (stage 8), 35.22% (stage 9), and 30.30% (stage 10) of the data points 

have the effective strain values smaller than 0.5, respectively, indicating the overall effective 

strain increase that can be attributed to the effective cutting and stretching processes. 

Analysing the unique strain rate DC of the CWR process. Fig. 6.11c shows the unique DC 

of the CWR process mapping the strain rate through the 11 normalised forming stages from 0 

to 10. The strain rate of the CWR process ranges from 0 (observed in forming stage 0 as 

indicated by the region 1 of Fig. 6.11c-I) to 99.9 s-1 (observed in forming stage 8 as indicated 

by the region 2 of Fig. 6.11c-I) during the entire forming process. At the beginning or forming, 

the effective strain data are all 0, then as the forming process proceeds, the strain rate data 

suddenly increase, and the mean and median of the strain rate are 5.77 s-1 and 0.76 s-1 (stage 1, 

peak value 96.4 s-1), 5.12 s-1 and 0.72 s-1 (stage 2, peak value 98.7 s-1), 4.43 s-1 and 0.25 s-1 

(stage 3, peak value 97.4 s-1), 3.54 s-1 and 0.06 s-1 (stage 4, peak value 99.5 s-1), 2.46 s-1 and 

0.091 s-1 (stage 5, peak value 90.4 s-1), 2.74 s-1 and 0.052 s-1 (stage 6, peak value 97.6 s-1), 2.45 

s-1 and 0.022 s-1 (stage 7, peak value 98.0 s-1), 2.47 s-1 and 0.037 s-1 (stage 8, peak value 99.9 

s-1), 2.46 s-1 and 0.049 s-1 (stage 9, peak value 91.2 s-1), and 1.87 s-1 and 0.033 s-1 (stage 10, 

peak value 91.9 s-1), respectively. Therein, an overall decreasing trend can be observed in the 

variation of strain rate data, where larger mean and median strain rate are observed in the first 

few stages since during the knifing stage, the tool wedge rapidly penetrates the billet surface 

and plastically deforms a V-shaped slot into the circumference of the billets. 
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Fig. 6.11c-II shows the DC that maps the strain rate distribution probability through the 11 

normalised forming stages from 0 to 10. Of these, there are 53.57% (stage 1), 54.39% (stage 

2), 64.74% (stage 3), 73.70% (stage 4), 82.00% (stage 5), 81.00% (stage 6), 81.96% (stage 7), 

79.61% (stage 8), 79.96% (stage 9), and 82.43% (stage 10) of the data points have the strain 

rate values smaller than 1.0 s-1, respectively. Moreover, there are 45.30% (stage 1), 46.39% 

(stage 2), 57.96% (stage 3), 68.22% (stage 4), 73.83% (stage 5), 76.26% (stage 6), 77.30% 

(stage 7), 74.39% (stage 8), 75.87% (stage 9), and 76.30% (stage 10) of the data points have 

the strain rate values smaller than 0.5 s-1, respectively. This indicates that the larger strain rate 

data are mainly attributed to the penetration of billets surface by wedged tools, while the large 

strain rate data in other operation stages (e.g., 99.9 s-1 observed in stage 8) are mainly due to 

the fast-stretching process of the billet surface. 

Analysing the unique contact pressure DC of the CWR process. Figs. 6.11d-6.11f show the 

unique DC of the CWR process mapping the contact pressure of X, Y and Z directions through 

the 11 normalised forming stages from 0 to 10, where the X direction is parallel to the axial 

direction of the billet, Y direction is the radial direction that is parallel to the rolling direction, 

and Z direction is the radial direction that is vertical to the tools. At the beginning stage 0, the 

contact pressure data values of X, Y and Z directions are all 0 before the forming commences 

(observed in forming stage 0 as indicated by the region 1 of Fig. 6.11d-I, Fig. 6.11e-I and Fig. 

6.11f-I). As the forming operation proceeds, the maximum contact pressure values of X, Y and 

Z directions are 676.6 MPa (observed in forming stage 8 as indicated by the region 2 of Fig. 

6.11d-I), 170.1 MPa (observed in forming stage 1 as indicated by the region 2 of Fig. 6.11e-I) 

and 726.0 MPa (observed in forming stage 3 as indicated by the region 2 of Fig. 6.11f-I), 

respectively. Then as the forming process proceeds, the contact pressure data suddenly increase.  

In Fig. 6.11d-I, the mean of the contact pressure X are 0.8 MPa (stage 1, peak value 103.3 

MPa), 1.6 MPa (stage 2, peak value 135.2 MPa), 1.6 MPa (stage 3, peak value 168.8 MPa), 1.6 

MPa (stage 4, peak value 203.1 MPa), 1.5 MPa (stage 5, peak value 225.2 MPa), 2.2 MPa 

(stage 6, peak value 222.6 MPa), 1.5 MPa (stage 7, peak value 204.4 MPa), 2.2 MPa (stage 8, 

peak value 676.6 MPa), 2.0 MPa (stage 9, peak value 523.5 MPa), and 1.1 MPa (stage 10, peak 

value 242.6 MPa), respectively. In Fig. 6.11e-I, the mean of the contact pressure Y are 0.4 MPa 

(stage 1, peak value 170.1 MPa), 0.4 MPa (stage 2, peak value 119.3 MPa), 0.4 MPa (stage 3, 

peak value 81.0 MPa), 0.05 MPa (stage 4, peak value 45.0 MPa), 0.1 MPa (stage 5, peak value 

35.4 MPa), 0.08 MPa (stage 6, peak value 41.4 MPa), 0.09 MPa (stage 7, peak value 39.7 MPa), 

0.07 MPa (stage 8, peak value 43.6 MPa), 0.09 MPa (stage 9, peak value 47.4 MPa), and 0.06 
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MPa (stage 10, peak value 47.5 MPa), respectively. In Fig. 6.11f-I, the mean of the contact 

pressure Z are 6.2 MPa (stage 1, peak value 377.4 MPa), 4.4 MPa (stage 2, peak value 299.3 

MPa), 4.7 MPa (stage 3, peak value 726.0 MPa), 2.3 MPa (stage 4, peak value 286.1 MPa), 2.8 

MPa (stage 5, peak value 299.2 MPa), 2.1 MPa (stage 6, peak value 282.5 MPa), 1.8 MPa 

(stage 7, peak value 313.1 MPa), 2.1 MPa (stage 8, peak value 676.6 MPa), 1.9 MPa (stage 9, 

peak value 357.7 MPa), and 1.0 MPa (stage 10, peak value 319.8 MPa), respectively. Overall, 

the contact pressure values of X and Z directions are significantly greater than that of the Y 

direction, since during forming the billet material is mainly stretched along the X direction and 

compressed along the Z direction, where significant plastic deformation occurs, while the 

contact pressure response along the Y direction is due to the material plastic deformation that 

is pushed by the tool wedges. 

Fig. 6.11d-II, Fig. 6.11e-II and Fig. 6.11f-II show the DC that map the contact pressure 

distribution probability through the 11 normalised forming stages from 0 to 10. Overall, during 

the entire forming process, only 2.39%, 1.32% and 2.58% of the data points of the billets have 

contact pressure responses in X, Y and Z directions, respectively, since only two slim linear 

regions of the billet contacting with the tools have compressive or tensile contact pressure 

responses. In Fig. 6.11d-II, within the 2.39% of data points that have contact pressure X 

responses, there are 2.17% (stage 1), 3.53% (stage 2), 12.33% (stage 3), 24.07% (stage 4), 

23.91% (stage 5), 45.59% (stage 6), 14.04% (stage 7), 19.72% (stage 8), 20.97% (stage 9), and 

18.75% (stage 10) of the data points have the contact pressure larger than 100.0 MPa, 

respectively. In Fig. 6.11e-II, within the 1.32% of data points that have contact pressure Y 

responses, there are 36.36% (stage 1), 24.64% (stage 2), 53.36% (stage 3), 9.09% (stage 4), 

37.02% (stage 5), 21.74% (stage 6), 38.10% (stage 7), 20.83% (stage 8), 31.82% (stage 9), and 

21.05% (stage 10) of the data points have the contact pressure larger than 10.0 MPa, 

respectively. In Fig. 6.11f-II, within the 2.58% of data points that have contact pressure Z 

responses, there are 47.54% (stage 1), 48.51% (stage 2), 64.94% (stage 3), 42.00% (stage 4), 

59.18% (stage 5), 43.48% (stage 6), 36.00% (stage 7), 31.37% (stage 8), 34.62% (stage 9), and 

24.14% (stage 10) of the data points have the contact pressure larger than 100.0 MPa, 

respectively. More large contact pressure X data are observed from stages 4 to 7 where the 

main stretching activity occurs, and more large contact pressure Z data are observed from 

stages 1 to 5 where the main area reduction of the billets occurs. 
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Figure 6.11 | Unique digital characteristics (DC) of CWR process. The DC of CWR process by mapping the evolutions of representative thermo-mechanical data 

including the a, temperature data, b, effective strain data, c, strain rate data, and contact pressure data of d, X direction, e, Y direction and f, Z direction. Each thermo-

mechanical feature is characterised by two types of DC, (I) and (II), that address the trends and probability distributions of thermo-mechanical features. Critical regions in the 

DC (I) are zoomed in for clearer illustration. As the forming proceeds, g, relationship between the temperature and effective strain data and h, relationship between the strain 

rate and contact pressure data in forming stages 0, 2, 4, 6, 8 and 10 are highlighted and analysed. 
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Intriguingly, a positive relationship between the temperature data and effective strain data 

during forming is detected, as can be seen in Fig. 6.11g, where maps the DC of temperature 

and effective strain of stages 0, 2, 4, 6, 8 and 10. Larger effective strain values, indicating larger 

cross-section reduction and deformation ratio of the billets, usually result in higher temperature 

of the billets due to the friction and deformation, represented by knifing, radial compression 

and axial stretching (Fig. 6.11g). This ‘heating’ effect is much more significant and efficient 

than the heat transfer effect between the hot billets and cold tools, since there are over 20% of 

the data points in each stage possess temperature data values greater than 1,194 ℃ (the 

maximum initial temperature). Similarly, a positive relationship between the strain rate data 

and contact pressure data of data points that have contact pressure responses during forming is 

detected, as highlighted in Fig. 6.11h, where maps the corresponding DC of stages 0, 2, 4, 6, 8 

and 10. Here, higher contact pressure spikes usually lead to higher strain rate responses 

especially in the regions where tool wedges rapidly penetrate the billet surface (Fig. 6.11h). 

according to the DC of FT-CWR shown in Fig. 6.11a and 6.11c, this metal forming process 

requires the billet material maintaining high ductility and formability under extremely high 

forming temperature (maximum 1,267.0 ℃) and high strain rate (maximum is 99.9 s-1). In 

addition, it would be very challenged to apply the liquid-based and solid-based lubrication in 

FT-CWR operations due to such high forming temperature, while if necessary, coating 

techniques can be considered via using coating materials with high heat resistance to enhance 

the post-formed surface quality. The effective strain DC may inspire the FT-CWR product 

design since higher temperature can be induced by larger cross-section reduction and 

deformation ratio (Fig. 6.11g), leads to increasing failure risks such as surface cracks. Similarly, 

the strain rate DC may provide insights for tool design or operating parameters since high strain 

rate induced by sharp tool wedges or high forming speed can leads to high contact pressure 

responses (Fig. 6.11h). 

 

6.5 Summary 

In this chapter, as the most information-rich pairing reference, the DCS of manufacturing 

processes can make a significant scientific impact by revealing the esoteric values from any 

information absent manufacturing data, or fragmental data with extremely scarce information. 

The pairing model was validated by using a benchmark hot stamping temperature dataset with 

an overall accuracy of 77.7%. Using a serious of randomly selected fragmental data (with 
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different lengths of 100, 50, 40, 30, 20 and 10) of an unknown manufacturing process provided 

by the industrial partner, the origins (including the information of manufacturing process and 

manufacturing stages) of these unknown fragmental data were successfully recognised with an 

average accuracy of over 75% (i.e., 81.27±0.16%, 80.05±0.14%, 79.51±0.10%, 77.97±0.15%, 

75.97±0.19% and 70.16±0.13%, respectively, with the calculation time ranging from 50 s to 

150 s). This was achieved by paring the representative thermo-mechanical feature (e.g., the 

forming temperature) of a series randomly selected fragmental data (with a smallest length of 

10 data points) against the existing DC (e.g., temperature DC) within the DSC. The unique 

thermo-mechanical DC, represented by the temperature DC, effective strain DC, contact 

pressure DC and strain rate DC, of the paired manufacturing process, i.e., the CWR process, 

were developed and analysed in detail. Note that the ‘length-scanning approach’ can be 

achieved by applying various algorithms (e.g., machine learning algorithms), and there is a 

considerable potential for optimising the performance of ‘length-scanning approach’ 

developed in this particular research by integrating information pertaining to the physical 

characteristics inherent in manufacturing processes to the employed machine learning 

algorithms. 

  



 

78 
 

Chapter 7. Conclusions and future work 

7.1 Thesis review and conclusions 

This thesis focuses on the development of the digital characteristics (DC) for mapping metal 

forming processes, including the sheet and bulk metal forming processes, from the perspective 

of data towards the data science in manufacturing. Scientific guidance is provided for better 

understanding of this novel concept in manufacturing sector. To tackle the collected metadata 

that lack the essential information, this thesis developed the Evolutionary Binary (EB) 

algorithm following the thermo-mechanical principles to enable a highly accurate and efficient 

recognition of missing features from information absent data.  

By using the EB algorithm, the DC of representative metal forming processes (i.e., the hot 

stamping) are developed and analysed in detail. These data processing and characterisation 

technologies enable the establishment of the digital characteristic space (DCS) of 

manufacturing processes, which provides access to the scientific communities with the most 

information-rich DC of manufacturing processes. The DCS enables the uncovering of 

manufacturing characteristics from fragmental data that contains extremely scarce information.  

Overall, the key contribution of this thesis focuses on proposing the framework of data 

science in manufacturing. This framework was established by incorporating the four sectors, 

including the metadata collection addressed by the establishment of cloud-based data 

repository, information absent data processing addressed by the development of physical-based 

EB algorithm, data characterisation and analysis addressed by the development of DC and DCS 

of manufacturing processes, and digitally enhanced research and development using the 

fragment data recognition as a case. Main conclusions can be summarised as follows: 

1. A cloud-based data repository was established on a knowledge sharing platform. This data 

repository contains 201 functional data modules incorporating with experimentally data 

files and essential information. Each data module was assigned a globally unique and 

permanent ID for providing access to the scientific communities with the most up-to-date 

manufacturing metadata. 

2. The guidance of developing digital characteristics (DC) for manufacturing processes 

incorporates the essential stages of metadata collection (establishment of the cloud-based 

data repository), data pre-processing and information absent metadata processing 

(development of the EB algorithm), and metadata characterisation leading to the 
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development of DC. The DC can be characterised by ‘Unified’, ‘Unique’ and ‘Useful’ 

following the FAIR (Findable, Accessible, Interoperable, Reusable) data principles. 

3. A physical-based Evolutionary Binary (EB) algorithm was developed by analysing the 

thermo-mechanical evolutionary characteristics of manufacturing processes to enable the 

information absent data processing. No training process is required since the embedded 

thermo-mechanical filters are developed following the thermo-mechanical principles. 

Using a hot stamping benchmark dataset, the EB algorithm enables approximately 95% of 

accuracy with good efficiency (maximum calculation time no more than 13 s) for 

recognising the representative geometric features of hot stamped products with extremely 

sparsely labelled data (CDS≤1%). When the labelled dataset size increases to 75%, the 

machine learning (ML) algorithms can outperform the EB algorithm with more accurate 

results, especially when recognising the SW features. However, the calculation time of the 

ML algorithms significantly increase to a maximum calibration time of over 666 s. 

4. The EB algorithm enables the development of the unique DC of the metal forming 

processes (e.g., the hot stamping process). The temperature DC, contact pressure DC, 

effective strain DC and strain rate DC were developed and analysed. The DC maps the 

metal forming processes from the perspective of data, assists in identifying the digital 

trends and underlying scientific patterns, supports the data-driven research and 

development by providing insightful information. 

5. The DC of diverse manufacturing processes enable the development of digital 

characteristics space (DCS) of manufacturing processes. The DCS is a cutting-edge digital 

technology enabling the scientific community to gain access to the most comprehensive 

and information-rich manufacturing information, which is based on experimentally verified 

data and employs the key enabling approaches in terms of information absent data 

processing techniques (e.g., the EB algorithm) and data characterisation techniques (e.g., 

the development of DC). 

6. The DCS of manufacturing processes can enable significant scientific impact by 

uncovering the esoteric values from any fragmental data that contains extremely scarce 

information. In this thesis, using the DCS as a pairing reference, the origins (including the 

manufacturing processes and manufacturing stages) of a series of randomly selected 

unknown fragmental data were successfully identified with an average accuracy of over 75% 

(calculation time ranging from 50 s to 150 s) with a minimum length of 10 data points. The 

unique DC, represented by the temperature DC, contact pressure DC, effective strain DC 
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and strain rate DC, of the identified manufacturing process were developed and analysed, 

which can stimulate the data-driven research and development. 

 

7.2 Future work 

The cloud-based data repository and digital characteristics space (DCS) of manufacturing 

processes are being updated and enriched with new manufacturing datasets and DC. Thus, large 

efforts are required to manage the data repository and develop new manufacturing DC using 

the Evolutionary Binary (EB) algorithm. Dedicated thermo-mechanical or other physical-based 

filters for the EB algorithm will be developed according to the different objectives of 

information absent data processing. In addition, there is a considerable potential for optimising 

the performance (e.g., accuracy and efficiency) of identifying the fragment data pieces by using 

or developing more advanced physical-based approaches or machining learning algorithms, 

which can be enhanced by integrating information pertaining to the physical characteristics 

inherent in manufacturing, such as physics-informed neural networks (PINNs). To 

comprehensively understand the mechanism of fragmental data pairing and pairing time saving, 

purely physical-based pairing approach is highly recommended to reveal the relationship 

between the fragmental data to that of the existing DC stored in the DCS.  
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