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Abstract

In recent years, Finite Element Analysis (FEA) has been widely used by the metal forming in-

dustry in conjunction with traditional practical techniques, resulting in an accumulation of vast

volumes of FEA results. With the increasing trend for the application of cloud computing ser-

vices to FE software, the traditionally independent manufacturing sectors are being transformed

into cloud connected communication networks through horizontal and vertical integration so-

lutions. Industrial Research is shifting towards an eco-friendlier approach through exchanging,

sharing and utilising of these data. Advancements in these newly developed technologies have

brought new challenges to the sheet metal forming industry, leading to the emergence of a

unique research field of data processing technologies for metal forming processes.

One of the most significant issues in the field is the extraction of insightful information from

information-absent FEA data. In this work, the focus is on a dataset comprising of vast volumes

of experimentally verified FEA data from various part geometries. Several data classification

algorithms were developed using physical-based models and machine learning models, respec-

tively, enabling a digital characterisation of finite elements from sheet metal forming process

simulations in the absence of spatial or visual data. Machine learning models were developed to

recognise the geometric information by over 90 percent accuracy. Based on the understanding of

thermo-mechanical history of sheet metal forming processes, including stress state, such as the

Lode parameter and stress triaxiality, several physical-based algorithms were then developed

which were rigorous in recognising the flange zone, flat bottom and side wall with an excellent

accuracy.

In addition, research in metal forming processes has traditionally followed the convention of

validating hypotheses with repeatable experimental trials. However, the reliable characterisa-

tion of boundary conditions remains challenging, which can be partly explained by the fact that

the real boundary conditions in metal forming processes are not well understood, especially for

coefficient of friction (COF) and interfacial heat transfer coefficient (IHTC). A systematic data

visualisation technique was developed to generate a tribo-map and an IHTC-map, characteris-

ing the thermo-mechanical history of a sheet metal process, including relative sliding distance,

contact pressure and temperature difference between the workpiece and tool, which enables an

insight into the evolutionary boundary conditions at different workpiece-tool interfaces. Such

a data-driven approach is also adopted in this work to shape the experimental strategies by in-
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troducing variable contact/sliding conditions, and the friction of coefficient and interfacial heat

transfer coefficient obtained at these variable testing conditions were found to have excellent

match with numerical models.
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Chapter 1

Introduction

1.1 Background

Metal forming is one of most classic manufacturing crafts whose history can be traced back

to the early stages of civilisation, which remains of particular relevance for model industry

and society in most products encountered to this day. With the 4th Industrial Revolution,

Metal forming is now experiencing a transformation, from the way metal forming products are

designed and tested, through to how they’re manufactured, delivered and maintained (Zhou

et al., 2015). The Cyper-Physical System (PCS), Internet of Things (IoT), Big data ana-

lytic, Artificial Intelligence (AI), Machine Learning are the key techniques leading this trans-

formation, connecting together previously isolated manufacturing sectors into interconnected

communicating-actuating networks (Qin et al., 2016). It is aimed to achieve higher efficiency

and stronger economic ties in industry through horizontal and vertical integration of R&D data,

knowledge and other capabilities to realise intelligent manufacturing (de Baas, 2010).

Finite Element Analysis (FEA) plays a critical role in metal forming industry. In particular,

knowing the relationship between material response and the applied fields, is an essential con-

stituent for predicting the thermo-mechanical behaviour of metal with sophisticated conditions,

which enables the optimisation of forming processes (Ablat and Qattawi, 2017). A consider-

able amount of research to address different aspects of problems on numerical analysis also
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Chapter 1. Introduction

effectively enhanced the functionality of FEA, like formability(Bruschi et al., 2014; Isik et al.,

2014), springback (Chongthairungruang et al., 2013; Li et al., 2002), friction modelling (Nielsen

and Bay, 2018) and heat transfer modelling (Liu et al., 2017). The high capability of FEA to

replicate the metal forming processes leads its wide utilisation in most industrial sectors, such

as raw material production, components and forming tools design, manufacturing and paint

bake processes. The FE results produced makes it an emerging data source to improve the

efficiency of the manufacturing system. However, these data are still in isolation within the

industrial sectors.

Although FEA software is able to predict most of the thermo-mechanical behaviours like stress,

strain and temperatures of components during forming processes, researchers typically require

a deeper analysis, including the effects of pre-form annealing on material formability (Luo

et al., 2008), the impact of artificial/natural ageing on post-form strength(Myhr et al., 2015),

and the critical tool life cycle (Binder et al., 2017). Predicting these effects involves solving

time- and temperature-dependent constitutive equations, and new advanced material models

are constantly being proposed to address them. However, integrating such models into FEA

software requires significant effort, and has only been done for a very small selection of them.

The increasing adoption of cloud computing service can therefore be supplemented by an online

platform allowing these advanced models to be digitised and executed alongside FEA software.

Innovative online FEA platform, SmartForming R© was most recently developed by the Imperial

College London Metal Forming Group to allow frontier knowledge to be implemented with

advanced numerical models via a cloud based system (Wang et al., 2016; Wang, El Fakir, Liu,

Zhang, Zheng and Wang, 2019). The schematic as shown in Fig. 1.1. The platform can

provide data inputs for, or compute data outputs from, FE software, with the advanced models

being divided into two types, pre-FEA models and post-FEA predictive models. Flow-stress,

IHTC-mate(Liu et al., 2019) and Tribo-mate are pre-FEA modules, corresponding to three

essential inputs in conventional FE software: flow stress data, the interfacial heat transfer

coefficient (IHTC) and the coefficient of friction (COF), respectively. An automatic fitting

model is also available for calibrating experimental testing results against numerical models. In

terms of post-FEA models, Tailor focuses on forming process optimisation based on customised
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1.1. Background

Figure 1.1: SmartForming R© cloud finite element analysis platform and the data-driven manu-
facturing industry workflow

requirements(Zhang et al., 2019), Tool-life aims to predict the life-time of lubricant and forming

tools over multiple production cycles(Hu et al., 2018), Tool-maker helps tool designers to assess

the quenching rate of the forming process (Liu et al., 2016), and Formality identifies critical

regions in a component where necking/failure may occur (Gao et al., 2017). Strategy model is

referring to a data-driven material testing scheme which will be introduced in chapters 6 and

7.

Such cloud FEA services are central to knowledge digitisation as well as intelligent manufac-

turing, providing essential CAE tools more widely but also enabling streamlined knowledge

and data exchange, particularly between researchers and researchers, researchers and industry

users. From an academic point of view, the platform provides a novel path to publish new

knowledge in a digitised approach and enhance the academic communication in more direct

way. The frontier knowledge with these advanced models are more likely to be implemented

by commercial FEA simulation software to enhance analytical capacity. It not only bridges

the gap between scientific knowledge and practical implementation, it also realises the value
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of knowledge created by academic researchers. From an industry prospective, the platform en-

ables end-to-end collaboration across research and industrial sectors and along the entire value

chain, which can result in additional benefits such as flexible production and distributed manu-

facturing. Manufacturers would be able to select different grades of raw material, and produce

different versions of a product with regards to individual customers’ specifications, such as the

setup of the paint bake cycle and the requirement for the final strength. Customers would

also be able to find local material suppliers and manufacturers to receive items faster, reducing

manufacturers’ inventory and shipping costs. The cumulative data will turn into big data,

with the potential to implement data analytical methods to deliver additional value from the

platform. In recent years, traditional FEA software companies, like AutoForm R© and ESI R© are

developing their own cloud services as a computing resource. All these new technologies have

therefore brought new challenges to metal forming engineers and researchers, leading to the

emergence of a unique research field of data processing techniques in metal forming processes.

1.2 Motivation and objectives

Over the past thirty years, data science has developed from one discipline to a multi-disciplinary

field that employs mathematical algorithms and scientific theories to extract insightful infor-

mation from dataset, which is particularly useful for industrial applications. The metal forming

industry is a well-established industry that generates vast volumes of data through FE anal-

ysis, with limited capability of effective collection and processing to optimise manufacturing

processes. Two essential sets of information are crucial in metal forming processes, namely the

evolutionary thermo-mechanical behaviour and geometric features. An effective understanding

and prediction of these characteristics enables an optimised processing window to be developed

to minimise material waste and improve process and part design. Due to the information-absent

data being contained in the data source, the development of a data processing technique, e.g.

classification algorithm, able to extract insightful information from these data becomes a criti-

cal challenge to digitally characterise the sheet metal forming processes by employing numerical

algorithms.
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Figure 1.2: Strategy of test guidance generated based on data analysis

In addition, research in metal forming processes has traditionally followed the convention of

validating hypotheses with repeatable experimental trials. The accuracy of FE analysis is

significantly dependent on the material characterisation, as well as definitions of boundary con-

ditions, such /hlas coefficient of friction (COF) and interfacial heat transfer coefficient (IHTC).

COF significantly affects the variation in stress distributions, lubricating conditions, die surface

characteristics and homogeneous deformation across the contact area between forming tools and

workpiece. IHTC is also a parameter of vital importance to determine the cooling rate and the

post-form strength when optimising the forming condition, especially for processes at elevated

temperature. However, the reliable characterisation of boundary conditions remains challeng-

ing, which can be partly explained by the fact that the actual boundary conditions in metal

forming processes are not well understood. Throughout the tool surfaces, the contact/sliding

conditions vary over the duration of forming process thus presenting significant challenges in

modelling this behaviour using conventional mathematical models. The workpiece-tool inter-

faces at different regions, such as the blank-holding area, die radius and die cavity areas, also

have different friction coefficients and wear conditions. Therefore, there is a clear need for

analyses of the evolution of these boundary conditions to establish a relationship between fun-

damental tests and metal forming processes to improve the effectiveness of experimental testing

and modelling. Fig.1.2 shows the general concept and motivation of generating a data-driven

test guidance.

The following objectives were conducted to achieve the aim of this work:

• Collect and establish a standard database of experimentally verified finite element simu-

lations for a fast light alloy stamping technique.
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Figure 1.3: Methodology for extracting of insightful information from information-absent FEA
data

• Explore and develop a data processing framework to recognise the geometric information

from finite element analysis of this metal forming process by using a numerical approach

and a physical-based algorithm (see Fig.1.3).

• Develop digital characterisation to reveal the boundary condition evolution of metal form-

ing process to enable a data-driven test approach.

1.3 Thesis structure

The structure of the thesis and the interconnections between the chapters of this work are

shown in Fig.1.4, in which the four different colours indicate the main four contributions of this

thesis. Chapter 2 firstly reviews the literature related to this work. Chapter 3 describes the

data collection, and how they were pre-processed, including data clearing, weighting, labelling

and normalising process. Chapter 4 describes the development of the machine learning clas-

sification model, where a logistic regression classifier, an feedforward neural network (FFNN)
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classifier, and a deep recurrent neural network (RNN) classifier were constructed and compared.

Chapter 5 introduces the development of physically-based models, where a strain-based model,

a temperature-based model and a thermo-mechanical evolutionary algorithm framework were

established. Chapter 6 describes the development of data visualisation method for illustrating

the boundary condition characterisation during the metal forming process towards data-driven

COF and IHTC testing schemes. Chapter 7 briefly introduces the feasibility study of experi-

ment work by utilising the data-driven testing scheme.

Figure 1.4: Schematic for the key contributions of the thesis
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Chapter 2

Literature review

This chapter aims to provide an overview on knowledge and information required in this work.

The schematic for main contents covered in this section are as shown in Fig.2.1. In order to

establish a data processing framework, it requires understanding on the sheet metal forming

process as well as data processing methods. This chapter firstly reviewed some newly devel-

oped sheet metal forming process whose finite element data was used in this work. The focus

has been placed up on on the stamping technique of lightweight sheet material at elevated

temperature, as well as and their thermo-mechanical behaviours. The well-established data

processing techniques were then reviewed, including different machine learning classification

methods. In order to provide a data-driven testing scheme, the traditional boundary condition

characterisation method, including friction test and IHTC tests were reviewed.

Figure 2.1: Schematic for main contents covered in literature review
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2.1. Lightweight sheet metal forming process

2.1 Lightweight sheet metal forming process

The concerns of environmental problems has driven manufacturing industries to saving energy

by reducing the weights of the products, especially in the automotive industry (Mallick, 2010).

One efficient approach is to replace the traditional steel by lightweight materials, such as ultra-

high strength steel, aluminium alloys, titanium alloys or composites (Froes, 1994). In addition,

forming these materials in an efficient process is also a big challenge. Sheet metal forming refers

to the process where a sheet blank is plastically deformed between tools to obtain the desired

configuration in a very short time, and a schematic is shown in Fig.2.2. This forming technique

has the advantages of high efficiency and energy saving in mass production, and the final

products exhibit high strength-to-weight ratio and metallurgical properties. Due to the ever-

increasing costs, sheet metal forming techniques are designed and developed with maximum

energy efficiency and minimum forming cycle time. Several novel sheet metal forming processes

were recently proposed, invented and patented by Imperial College London Metal Forming

group (Wang and Kopec 2019; 2018).

Figure 2.2: (a) A typical part formed in a stamping or draw die showing the die ring, but not
including the punch or blankholder, (b) section of tooling in a draw die showing the punch and
Binder (Hu et al., 2002)
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2.1.1 Fast Light Alloys Stamping Technology (FAST) of aluminium

alloy

A novel Fast light Alloys Stamping Technology (FAST) is proposed to manufacture structural

panel components, which enables over 90% cycle time reduction comparing to conventional hot

stamping process (Zhang et al., 2019). The concept of FAST is to deform the component in

a very short time and obtain a high strength by using the proper raw material with desired

microstructure and chemical composition. The schematic of conventional hot stamping process

and FAST are shown in Fig. 2.3 as blue line and blank line, respectively. The blank is firstly

heated to the target temperature at an ultra-fast rate, and formed and quenched in the cold dies

immediately. To form the common 6 series aluminium alloys, the strength of the component is

mainly contributed by the post-form precipitation hardening (Shercliff and Ashby, 1990), and

the well accepted precipitation response mechanism has been studied by Milkerit et al. (2012),

who found that the post-form precipitation hardening is dependent on the initial microstructure

and the chemical composition of the raw material.

Therefore, by controlling the microstructure of the raw material, the paint bake cycle is suffi-

cient for the final component to reach a high strength. Compared to the conventional stamping

technique of aluminium alloys, the solute heat treatment (SHT) and artificial ageing can be

eliminated. The solute heat treatment refers to holding the sheet metal at a suitable temper-

ature until a solid solution condition, and cooling rapidly enough to hold these constituents in

solution (Garrett et al., 2005). The artificial ageing refers to holding the sheet metal at a ele-

vated temperature to produce optimum size, distribution of microstructure (Dahle et al., 2001).

Removing these processes results in a considerable increase in mass production efficiency and

decrease in energy consumption, but the challenge also arises to predict the post-form strength

after FAST and following paint-bake cycle. Zhang et al. (2019) proposed a physical-based

model enabling a quantitative prediction and control for the FAST products.
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Figure 2.3: Schematic for forming 6 series aluminium alloy using Fast light Alloys Stamping
Technology (FAST) and conventional hot stamping technique (Zhang et al., 2019)

2.1.2 Fast Warm Stamping (FWS) process of steel

The Fast Warm Stamping (FWS) process is the process where a steel blank is heated up

at ultra-fast rate to an appropriate temperature, usually at 350 - 450◦C, whilst minimising

the changes in microstructure which determines the post-form strength. Using the proposed

method, a similar strength of as-received material can be retained in the formed part while the

cycle time and energy costs are reduced. The feasibility of the FWS technology was initially

studied by Sun (2020).

Fig. 2.4 indicates the schematic diagram and microstructural evolution of the FWS process

of martensite steel and conventional hot/warm stamping process of ferrite steel. The MS1180

blank with desired mechanical properties and microstructures is heated rapidly at an ultra-fast

heating rate to an appropriate temperature (dependent on the complexity of the part geometry),

where the formability of the blank is sufficient to form the part. This temperature is below

a critical temperature which could lead to a substantial change to the microstructure of the

metal being heated. Once the blank reached the target temperature, it is subsequently stamped

and quenched immediately. High forming speed is applied to avoid excessive heat loss so that

the blank temperature maintains its temperature. The FWS process reduces the heating time

significantly and eliminates the austenitization process prior to stamping, so that the total cycle
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Figure 2.4: Schematic for forming high strength steel using Fast-Warm Stamping and conven-
tional hot/warm stamping processes (Sun et al., 2020)

time for manufacturing the MS1180 parts is within 10 seconds. The ultra-fast heating rate would

avoid undesirable changes to the initial microstructures of the sheet metal so that the nearly

full mechanical strength of the pre-form condition can maintained. Additionally, the energy

consumption/cost of this forming technology is reduced by maintaining forming temperature

at the minimum level, whilst also ensuring sufficient formability to form the components.

2.1.3 Hot stamping process for titanium alloy

In the aerospace sector, titanium alloys are widely used in a high strength structural compo-

nents (Peters et al., 2003). However, it is a very high energy and time consumption process to
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Figure 2.5: Schematic of the hot stamping process of titanium alloy (a) during heating of the
sample, (b)at the positioning stage, (c) during forming and (d)at the final stage.

(Kopec, 2018)

form titanium alloys into products with complex geometry. Kopec (2018) proposed an innova-

tive forming technology to shape Ti6Al4V titanium alloy, using the similar idea, where the hot

blank was formed between low temperature forming tools. Traditional hot stamping processes

have mainly focused on aluminium alloys and ultra-high strength steels, for the automotive in-

dustry. Kopec et al. (2018) conduct a number of studies on the hot stamping of titanium alloys

under varying temperatures as well as the microstrucutrue evolution. As shown in Fig. 2.5, the

hot stamping of titanium alloy consists three states: heating, transferring, and simultaneously

forming and quenching. Titanium parts were initially heated up to 850◦C and then soaked

for about 180s utill a stable temperature was realised. It was then transferred to forming tool

where the temperature keeps decrease, and formed at about 700◦C in cold dies. In the following

quenching process. the temperature rapidly dropped to approximately 350◦C and then gradu-

ally decreased to room temperature. Hot stamping tests that the qualified part can be formed

between 750◦C and 850◦C. The microstructure experiences recovery, phase transformation and

recrystallization during deformation (Li et al., 2019).
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2.2 Data representation in metal forming process

In order to develop a reliable data processing technique for sheet metal forming processes, it is

essential to understand the data being processed, i.e. the thermo-mechanical behaviour during

the forming process. Physical phenomena governing sheet metal forming and the controlled

process variables were reviewed in this section. The most related variables have been listed in

Table 2.1 (Altan et al., 1983), including sheet material, deformation zone, tooling and equip-

ment/product. The data classification part is mostly related to sheet material, deformation

zone and equipment/product, while the tooling effect is involved in the boundary condition

characterisation.

Table 2.1: Significant variables in sheet metal forming

Sheet material or blank Deformation Zone
Flow stress
Thermal/physical properties
Initial conditions
Blank size, location and thickness

Deformation mechanics
Metal flow, velocities, strain, strain rate
Stresses and contact pressures
Temperatures

Tooling Equipment and product
Tool geometry and forces
Tool temperature
Lubricant used

Speed/production rate
Product geometry
Mechanical properties

2.2.1 Flow stress, strain and strain rate

In analysing and optimising a sheet metal forming process for a given material, the important

variables include the blank properties (e.g. composition, temperature, deformation history, and

pre-strain), the flow stress of the blank material for various strain values, and the surface and

boundary conditions. Among them, the flow stress is the most important variable. A metal

forming process is dominated by two physical mechanisms; strain hardening, also known as work

hardening, and strain-rate hardening. Due to the movement and accumulation of dislocations

within the crystal structure of a metallic material, the flow stress increases with increasing

strain, demonstrating strengthening behaviour of the material at a given temperature (Avitzur,

1968). Various temperatures are employed in different forming technology. For instance, cold

forming of simple-shaped components is conducted at room temperature, hot stamping of
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complex-shaped components is conducted at the solution heat treatment (SHT) temperature

of the material and forming of multi-phases materials is conducted at their phase-transformation

temperature. It was found that the flow stress decreases with increasing temperature because

of more dislocations being recovered at a higher temperature (Hansen, 1977). In addition to

sthe train hardening mechanism, strain-rate hardening has a significant effect on the plastic

deformation of the material as well. The flow stress of a material increases with increasing strain

rate due to the fact that the annealing has less time to occur and thus the density of dislocations

is smaller at a higher strain rate (Lin, 2015). This is typical behaviour of viscoplastic material

formed at different strain rates.

These properties or parameters are input into the FE software in the form of discrete data

known as ’look-up tables’, a set of constitutive equations or a single value. The reliable FE

analysis depends on the accurate determination of these properties. The flow curves (Eq. 2.2)

for sheet materials are usually determined based on load versus elongation data obtained from

tensile tests. At room temperature, the stress-strain relationship can be approximated by the

power-law equation:

σ̄ = Kε̄n (2.1)

here K is known as the strength coefficient and the n as the strain hardening exponent. How-

ever, the flow stress of many metals, such as aluminium alloy, show a strong dependence on both

strain rate and temperature at hot working temperatures. A set of unified visco-plastic consti-

tutive equations have been proposed to model these phenomena by Prof. Lin (Lin, 2015),and

the flow stress, σ̄ is a function of equivalent strain, ε̄, equivalent strain rate, ˙̄ε and temperature

T :

σ̄ = f(ε̄, ˙̄ε, T ) (2.2)

These thermo-mechanical features of the sheet blank during the deformation can be found

in relevant literature. Strain rates in the range of 10−5 − 10−2s−1 are typically used in the

superplastic forming technique (Horita et al., 2000; Watanabe et al., 1999), whereas 10−1-1 s−1

are used in steel sheet metal forming (Turetta et al., 2006). Hot stamping of aluminium alloys

typically involves strain rates in the range of 10−1 − 10s−1. Large variations in temperature
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ranges also exist across different applications, such as in hot stamping of aluminium alloys and

steel, where a range of 150 - 525◦C or 150 - 1000◦C are used respectively (Li and Ghosh, 2004).

2.2.2 Stress state, Lode parameter and stress triaxiality

The stress state is also a very important indicator during the forming process. The sheet metal

forming process is a constant volume deformation process, which contains three types of plastic

deformation: elongation, plane strain, and compression, respectively. The specific deformation

type in a complex forming process is determined by the stress state, which is usually described by

six independent stress components on Cartesian coordinate planes. However the characteristic

quantities such as the stress tensor invariant, major/minor stress, Lode coefficient and stress

triaxiality at this point will not change with the change of the coordinate system. Therefore,

the characteristic value of stress tensor plays an important role in describing the routine of

plastic deformation (He et al., 2004a). The Lode coefficient and stress triaxiality can reflect

the relative magnitude of the intermediate principal stress and has a certain corresponding

relationship with the strain type. Therefore, it can be used to judge the strain type and the

complexity of the deformation (He et al., 2004b; Hu et al., 2004). According to the relationship

between stress state and Lode coefficient. Yuan 2008 determined the ratio of strain increment by

Lode coefficient, and then the idea of plastic deformation type is established. The quantitative

relationship between stress state, Lode coefficient and plastic deformation type is established.

By displaying the Lode coefficient diagram in the post-processing program of the finite element

numerical simulation software, the strain type of the whole field of the workpiece can be given.

In Fig. 2.6, x-axis indicates the Lode parameter, µσ, which represents the type of deformation,

µσ > 0 is a compressive strain, µσ < 0 is a tensile strain, µσ = 0 is plane strain condition,

and the y-axis indicates stress triaxiality, which represents the stress state, 2/3>j>1/3 is the

bi-tensile condition, σ1 > σ2 > σ3 > 0, 1/3 > j > −1/3 is in tensile-compressive condition,

σ1 > σ1 = 0 > σ3, and when - 1/3>j>-2/3 is the bi-compressive condition, 0 = σ1 > σ2 > σ3.

The lode parameter and the stress triaxiality is given by:
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2.2. Data representation in metal forming process

Figure 2.6: The stress/strain distribution on the Von Mises plane development, where x-axis is
the Lode parameter and y-axis is the equivalent stress (Yuan, 2008)
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µσ =
2σ2 − (σ1 − σ3)

σ1 − σ3
,−1 < µσ < 1 (2.3)

j =
σ1 + σ2 + σ3

3σy
,−2

3
< j <

2

3
(2.4)

where σy is the von mises yield strength. In the Figure. 2.6, the σ3 = 0, σ2 = 0 and σ1 = 0,

the top, middle and bottom curve indicates the bi-tensile plane, tensile-compression plane and

bi-compression plane, respectively.

2.2.3 Product geometry

The behaviour of plastic deformation and quenching of a material is different depending on its

geometric features, which can be approximately divided into three zones, namely blank holding,

bottom and sidewall. The blank holding area is generally subjected to a radial tensile stress

and a circumferential compressive stress, resulting in a relatively small strain (Altan et al.,

1983). Meanwhile, this zone has a good quenching efficiency due to the compression generated

by a press holding force. Although subjected to different tensile stresses along both radial and

circumferential directions, the bottom zone also has minor strain and thinning due to restricted

plastic deformation. Similar to that on the blank holding area, the quenching efficiency on the

bottom zone is high as well due to the sufficient contact between the forming tools. In contrast,

the sidewall zone withstands a high tensile stress and thus strain. However, its quenching rate is

relatively low due to the designed die clearance and the consequent insufficient contact between

the forming tools. According to the behaviour of plastic deformation and quenching on different

zones, typical processing parameters are applied in the metal forming processes. For instance,

a material is partially heated with a higher temperature on the bottom and sidewall zones to

increase its ductility and a lower temperature on the blank holding area to maintain a high

strength. Meanwhile, the formed material can be partially quenched to achieve the desired

microstructure and/or phase formation on different zones. A small contact pressure (holding

force) is applied on the blank holding area to decrease its quenching rate and thus maintain
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its high drawability, while a large contact pressure is applied on the bottom and sidewalls

zones to increase its quenching rate (Avitzur, 1968). Additionally, lubricants and coatings

with typical properties, e.g. viscosity, heating point and thermal conductivity, are applied on

different geometric zones to meet the desired requirements on the friction and heat transfer,

etc. Therefore, the information of geometric feature is demanded to divide other information

accordingly, which is used to guide the metal forming processes based on different geometric

zones.

2.3 Classification using machine learning technique

Basic principles of machine learning are introduced in this section. The goal of machine learning

is building computer programs that can automatically improve themselves in performing certain

tasks from experience (data) (Mitchell, 1997).The essence of the (supervised) machine learning

algorithms is to learn a function f : x → y, where x is the training data usually with high

dimension information, and y is corresponding output (see figure Fig. 2.7)

X Y

f

Figure 2.7: Illustration of machine learning model, Ng (2018)

2.3.1 Single neuron neural network (SNNN) and logsitic regression

Neural network is a biologically inspired machine learning mode. In this section, single neuron

neural network, the simplest neural network, is introduced. The the mathematical form of

the model and the mechanism of the learning process is introduced in this section. Following

the foundational papers (Carpenter, 2008; Graves, 2012; Socher et al., 2014), a typical SNNN

structure is given by:
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fw(x) =
i=n∑
i=1

wixi + b = wTx + b (2.5)

where the feature is represented as x and the predicted output is y. Both w and b are training

parameters, presenting the weights and the bias. Thus, a problem with any dimensional input

feature and resultant model can be generalised as a linear regression model (w is a column array

of dimension n-by-1 and wT = [w1, ..., wn]). Different from regression, a classification problem

refers to the problem with discrete answers. where a non-linear function is thus required.

Logistic function is the mostly used in solving classification problem (Kleinbaum et al., 2002),

so that the SNNN model is also called logistic regression model.

Figure 2.8: Single Neuron Neural Network (left) and logistic function (right)1

The single neural network graph and the logistic function is illustrated in Fig.2.8. The circle

represents neuron including two mathematical operations: (1) affine transformation of the

weighted inputs
∑

iwixi+b (2) an logistic activation σ (
∑

iwixi + b). The arrows represent the

connections between neurons, where the input feature is multiplied by the weights i.e., wnxn.

Detailed mathematical derivation is illustrated in Casella and Berger (2002).

2.3.1.1 Loss/Error Function

This section introduced the training process of a neural network. The performance of the func-

tion is determined by log likelihood function (Gourieroux et al., 1993). For binary classification

problem, the log likelihood function is given by:

1 Image source: http://cs231n.github.io/neural-networks-1/
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l(w, b) =
m∑
i=1

(
y(i) log a(i) + (1− y(i)) log(1− a(i))

)
(2.6)

where the i is the index of training set, a(i) and y(i) are the predicted and the actual results for

input training set x(i)). The negative of log likelihood is used as the cost function, J(w, b).

J(w, b) =
l(w, b)

m
= − 1

m

m∑
i=1

(
y(i) log a(i) + (1− y(i)) log(1− a(i))

)
(2.7)

where m is the size of training set. The result is optimised by minimising the cost function of

the total data set. In order to improve the learning efficiency, the costs are calculated from a

small mini-batch of training examples Jmb(w, b), without going through the whole training set,

which is given by:

Jmb(w, b) = − 1

mb

mb∑
i=1

(
y(i) log a(i) + (1− y(i)) log(1− a(i))

)
(2.8)

where mb is the size of the mini-batch. The effect of mini-batch will be discussed in Chapter 4.

2.3.1.2 Gradient Descent

Gradient descent is the optimisation method to minimise the cost function in neural network.

It is rearranged from first order Taylor expansion (Burges et al., 2005):

wn := wn − α
∂

∂wn
J(w, b) (2.9)

b := b− α ∂
∂b
J(w, b) (2.10)

In the optimisation process, the parameters are updated with the new value in each iteration. α

is the learning rate, which is applied to damp out the step of each update to achieve numerical

convergence. The effect of learning rate will be discussed in Chapter 4.
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2.3.2 Feedforward neural network (FFNN)

In this section, a feedforward neural network is introduced. It consists of a set of neurons

(SNNN), commonly referred to as nodes or units here. Fig. 2.9 shows a 3-layer neural network.

For any neural networks, the information, x, propagates from the input layer (LHS) to the ouput

layer (RHS) ŷ. The number of hidden layers in between are dependent on the complexity of

the model. The effect of layers will be discussed in Chapter 4.
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Figure 2.9: 3 Layer Neural Network (the two diagrams represent identical neural network)

2.3.3 Recurrent neural network (RNN)

A recurrent neural network are feedforward neural networks with the added notion of time

to the model. In recent years, improvement on RNN system, such as long short-term memory

(LSTM) (Hochreiter and Schmidhuber, 1997) architectures have demonstrated ground-breaking

performance on leaning task with the sequential data, such as natural language process (Pap-

ineni et al., 2002), handwriting recognition (Graves, 2012) and music classification (Choi et al.,

2017).
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2.4 Characterisation of boundary condition for sheet metal

forming processes

During the last two decades, computer-aided Finite Element (FE) analysis has been developed

in the sheet metal forming industry for process optimisation to reduce the costs involved in the

sheet metal forming industry for process optimisation to reduce the costs involved in the trial-

and-error prototyping. The accuracy of FE simulations is the most significant requirement,

which is influenced by the flow stress data and the assignment of boundary conditions, such as

coefficient of friction (COF) and interfacial heat transfer coefficient (IHTC). Research in these

subjects has followed the convention of validating hypotheses with repeatable experimental

trials. This section introduced the COF and IHTC characterisation in the literature.

2.4.1 Characterisation of coefficient of friction (COF)

A tribological characterisation in sheet metal forming process has been comprehensively re-

viewed by Dohda (2015), Bay (2008) and Podgornik (2004). Bay (2008) concludes two main

classes of tribological testing method in sheet metal forming process:

• process tests

• simplified tests

Process tests are referring tests through typical metal forming operations using the same pro-

cess kinematics, while simplified tests are those that replicate the contact conditions at the

workpiece-tool interface with the attempt to investigate the tribological behaviour in a con-

trolled way. Process tests can always represent the real forming conditions, however, through

which the scientific investigations sometimes are difficult in practice. One of the reasons is the

high cost involved in the tool usage. The measurement of friction coefficient during the process,

and the followed in-depth topography analysis are also difficult to conduct due to the complex

geometry and large size of tools and workpieces. As a result, simplified test have been a more

preferred approach in the research of tribological behaviour in sheet metal forming processes.
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Based on the literature, it was found that although various simplified testing methods has been

designed to simulate the contact condition at tool-workpiece interface during the sheet metal

forming process, the testing conditions or experimental parameters are still experience oriented,

which results in that simplified tests can only provide a limited or improper testing window

for real metal forming process. Fig. 2.10 illustrates the overview of the most commonly used

Figure 2.10: Schematic illustration of simplified tests for sheet meta forming Bay et al. (2008),
including (1) Strip drawing with flat dies, (2) Bending under tension, (3) Drawing with tan-
gential compression, (4) Bending with tangential compression, (5) Draw bead testing, (6) Strip
-tension testing, (7) Hemispherical stretching, (8) Strip reduction testing

(Bay et al., 2008)

simplified tests for sheet metal forming process which is developed by Bay (2008). The blank

holding area with different conditions can be represented by three different simplified tests, strip

drawing with a flat die in Fig. 2.10 (1), drawing with tangential compression test in Fig. 2.10

(3) and draw bead testing in Fig. 2.10(5). Yanadiga Yanagida et al. (2010) conducted a hot

flat strip drawing test to examine the friction coefficient in high temperature metal forming at

different drawing speeds, drawing pressures and temperatures, which provided a more realistic

representation of the contact condition at the blank holding region of a hot stamping process.
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Masters 2013 also conducted the strip drawing test for pre-stretch high strength aluminium

alloys. Bending under tension in Fig. 2.10 (4) reproduces the die curvature condition, and

bending with tangential compression (4) in Fig. 2.10 reproduces the combined conditions in

the blank holding and on the die curvature. Gali (2013) conducted a bending under tension

test, where a strain was applied to provide indirect sliding. Strip reduction testing in Fig. 2.10

(8) represents ironing in a conical die, while strip - tension testing in Fig. 2.10 (6) and hemi-

spherical stretching in Fig. 2.10 (7) simulates stretching over the punch radius of curvature

and under the punch nose, respectively. In addition, to evaluate galling behaviour during metal

forming processes, a load-scanning test was developed Heinrichs and Jacobson (2009, 2010),

where the load was continually increased to determine the critical sliding length and contact

pressure at which galling initiates.

Another typical simplified test is pin-on-disc test (Chowdhury et al., 2011; Wang et al., 2010;

Ghiotti et al., 2013), The simplified friction test schemes and corresponding testing conditions

are summarised and listed in Table 2.2. It is found constant testing conditions were used in

most the previously research. However, in the acutal forming condition, the contact pressure,

sliding distance and sliding speed vary spatially and historically (Pereira et al., 2012).
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Table 2.2: Contact conditions of different tribological testing methods in sheet metal forming

Test Types Authors Material Pairs Temp (◦C) Cont.
pressure

Sliding
velocity

Sliding
distance

Pin-on-disc

So(1996) Die steel/
AA6082 Room 2.2 MPa

1 m/s
2 m/s
3 m/s

1800 m
3600 m
3600 m

Chowhury(2011) stainless steel/
Al alloy Room

10 N
15 N
20 N

500 rpm
1000 rpm
1500 rpm
2000 rpm
2500 rpm

2500 cycles
5000 cycles
7500 cycles
10000 cycles
12500 cycles

Ghiotti(2013) Tool steel/
Boron steel 800 7 MPa 15 mm/s 75 mm

per cycle

(Ghiotti2016) HTCS/
Usibor1500P

600(disc)/150(pin)
700(disc)/120(pin)
800(disc)/90(pin)

10 MPa 15 mm/s 75 mm
per cycle

Wang(2010) H11 steel/
AA7075

350 to 500
each 50

90 MPa
110 MPa
140 MPa
200 MPa

2 m/s 18.8 - 188
mm

Flat-on-flat Hanna(2009) H11 steel/
AA5083 450 50 N 16.5 mm/s 15 mm

per pass

Strip drawing Yanagida(2010) SPHC steel/
SKD61

100 to 800
each 100

16MPa
32 MPa
45 MPa

5 mm/s
10mm/s
20mm/s

500 mm

Ghiotti(2011ïĳĽ Coated tool steel/
strainless steel Room

1 MPa
3 MPa
5MPa
25MPa

1 mm/s
5mm/s
10mm/s
50 mm/s

100 mm

bending-under
-tension Gali(2013ïĳĽ P20 steel/

AA5083
25-450
each 50 or 100 0.22 N strain rate

4x10−2s−1 14.3-32.5 µm

2.4.2 Characterisation of interfacial heat transfer coefficient (IHTC)

Researchers haven made great efforts to investigate the value of interfacial heat transfer co-

efficient (IHTC) during metal forming process, such as with aluminium alloy (Ilkhchy et al.,

2012), boron steel (Caron et al., 2014) and titanium alloy (Bai et al., 2012). At higher contact

pressure condition, where the real contact area between the contacting solids is larger, lead to

an increase in IHTC values. Liu (2017) determined the IHTC values for different tool mate-

rials, and found that higher thermal conductivity of tool material resulted in an increase in

the IHTC. Tang 2015 investigated the effect of surface roughness on IHTC, and proved that a

higher surface roughness led to a decrease in the IHTC values.

Constant contact pressure were used in most the previous research. However, the contact

pressure varies in actual hot stamping processes, especially for complex-shaped components

(Pereira et al., 2010). The change in contact condition leads to variable IHTC value during the
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process. The research on IHTC under variable contact pressure conditions is still limited.
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Chapter 3

Data Collection and pre-processing

3.1 Introduction

Regardless of the specific problem to be investigated, a prerequisite in this work is the existence

of past finite element simulation data that has been experimentally verified. Thus, an effort

has to be put in place upfront for the creation of clean, curated and reliable data related to

the problem. An example data set should contain a verity of materials that deform at different

forming conditions with the relevant output and computed evolutionary thermo-mechanical

properties of those materials during the process (see Fig. 3.1a). Within the data processing

framework, the finite element is referred to as ’input’ and the the property of interest is referred

to as the ’target’ or ’output’. The learning problem (Fig.3.1b) is defined as follows: Given a

element - property data set, to estimate the property for a new element not in the original data

set.

The data-driven strategy includes two steps. The first step is to represent numerically the

various elements in the data set. Each input would then have been reduced to a series of

numbers i.e fingerprints (see Fig. 3.1b), which is a step of vital importance, requiring significant

knowledge of the forming technique. The second step is to establish a relationship between the

fingerprint and the target element properties. The schematic of fingerprinting and modelling

are both illustrated in Fig. 3.1. Several algorithms, ranging from elementary (logistic regression
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Figure 3.1: Key elements of machine learning based data classification technique. a Schematic
view of an example data set, b creation of a prediction model via the fingerprinting and learning
steps. N andM are the number of training examples and the number of fingerprint components,
and c problem solving by prediction model

classifier) to highly sophisticated (artificial neural network classifier and deep recurrent neural

network classifier) are available to establish this prediction modelling, a physics-based model, to

establish the quantitative relationship between element and corresponding thermo-mechanical

behaviour, is also one of the options.

3.2 Data collection

The data set was collected from two main source: in-house data and online data. The in-

house data includes the FE simulation results from Imperial College London and the industrial

partner including Schuler and PAB. The online data are collected from a cloud-based online

platform SmartForming R©, which has the ability to remotely perform the multi-objective FEA

to simulate not only the deformation of the materials, but also the formability, tool life, tool

design and post-form strength of the materials. In the current internal test, the remote users

from over 20 worldwide industries and institutes generated the data set containing 146,000,000

data points, including the information of the material characterisation, processing parameters

and geometric features. All the finite elements simulation results have been experimentally

validated through the strain/thickness distribution, and the temperature evolution.

29



Chapter 3. Data Collection and pre-processing

Figure 3.2: Through a preliminary principal component analysis, the dimensionality (parame-
ters) of the raw data reduces from 132 to 3. The three most important parameters are initial
temperature, final temperature and final strain, indicated as C1, C2 and C3, respectively. A
sample of the raw data is illustrated in a 3D scatter plot. The colour indicates the geometric
region of the element, suggesting that simple data processing technique did not work well on
these datasets.

3.3 Data pre-possessing

3.3.1 Data clearing and weighting

An initial pre-processing of raw data is needed to identify missing or spurious elements. For

example, elements haven been found having extremely high contact pressure. Identifying and

removing such errors is essential to avoid the prediction model to being misled. Since the data

set consists of various combinations of complex shapes and forming conditions, the number of

finite elements used in each simulation would vary dramatically across different simulation files,

where problems arise in this situation. Consequently, the sampling bias exists in the combined

results, where some certain collected simulation files with more data are more likely to be

dominated in data analysis. Therefore, the sample weighting is required, allowing adjustment

of data to account for sample bias before data integration. Normally, each element in the

dataset will carry equal weight i.e 1. In this work, a weighting parameters is assigned to each

data point based on the size of the simulation file. The given weight is multiplied by the error
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of each elements, to adjust the general performance of algorithms.

wi =
1

no of elements in ith simulation
(3.1)

3.3.2 Data standardisation and normalisation

Different finite element simulation models in the training set have observable differences in

the range of physical parameters, because the models were formed using differnt materials at

different forming conditions, such as forming temperature, T and forming speed, vf . Conse-

quently, proper data normalisation is required to find data correlation over a broad range of

values Therefore, a data scaling is applied within each simulation model

The most important parameter of a material is the flow stress during the forming process, which

represents the instantaneous value of stress required to plastically deform the material. The flow

stress is mainly dependant on the material properties, but affected by temperature and strain

rate, from the macroscopic view, i.e. forming temperature and forming speed. The material

also can be formed at different temperatures, so that the temperature values were normalised

with regards to initial forming temperature, the strain rate is adjusted by the forming speed.

All the stresses were normalised by the flow stress.

T (i)<t>
n =

T (i)<t>

T (i)<0>
(3.2)

ε(i)<t>n =
ε(i)<t>

max(ε)−min(ε)
(3.3)

σ(i)<t>
n =

σ(i)<t>

σfs(T (i)<t>, ε̇(i)<t>)
(3.4)

ε̇(i)<t>n =
ε̇(i)<t>

[max(ε̇)−min(ε̇)] · vf
(3.5)

Due to the different requirements for accuracy and computational efficiency as well as actual

practices for difference researchers and engineers, the finite element models were simulated

in different time steps, varying from just a few steps to hundreds. In order to ensure the
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performance of the data processing technique, the dimension in time had to be standardised.

To balance the accuracy and computational efficiency, in this work, the time step was set to

10, and the forming time was normalised from 0 to 1 with a 0.1 interval, i.e. 0, 0.1, 0.2... 0.9,

1.

3.3.3 Data labelling for geometric features

The geometric information is one of the most important parameters in this project, so that

the data set had to be labelled by detailed geometric feature. For the simulation data with

available geometric data. The features are defined as Blank holding area, flat bottom, vertical

wall, inclined wall, shoulder zone and corner zone. An algorithm for feature labelling was

developed, which can successfully label the region of finite element data by their geometric

features.

First of all, in each finite element model, the vertical orientation was standardised as the z-

direction based on punch movement. Consider the the sheet blank as a curved surface, the

geometry of one single element was determined by the orientation and convexity (curvature) of

that local surface which contains that elements and the neighbouring elements in the Cartesian

coordinate planes. The data set does not including the connecting information, so that the

neighbouring elements are the 8 closest elements by calculating distance between this element

to all the other elements. In this case, the hypothesis is that the element surface function is a

secondary polynomial function. By using the the coordinates of 9 elements, the surface function

is fitted as illustrated in Fig.3.3.

The normal vector n and unit normal n̂ at the centre of the surface z = f(x, y) can be calculated

as:

n =


δz/δx

δz/δy

1

 (3.6)
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Figure 3.3: Secondary polynomial surface function fitting by using the x,y coordinates of 9
elements, one centre element and 8 neighbouring elements

n̂ =
n

|n|
(3.7)

The angle Θ between the tangent plane of the element and the horizontal plane is equivalent

to the angle between the normal vector n̂ and the z-axis k̂, which can be calculated as:

cosΘ =
n̂ · k̂

|n̂| ·
∣∣∣k̂∣∣∣ (3.8)

The convexity C for each element is an indicator to determine whether the surface is concave

or convex, and the flatness of the surface, which is given by the second derivative of surface:

C =
δ2z

δx2
+
δ2z

δy2
+

δ2z

δxδy
(3.9)

The detailed criterion is shown in Table 3.1, and Fig.3.4 illustrate the labelling results on a

sample component.
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Table 3.1: Labelling criterion for finite element models with known geometric information

Feature Orientation Convexity

Flat bottom Θ < 15 |C| < 0.05

Vertical Wall Θ < 70 |C| < 0.05

Inclined Wall 15 6 Θ 6 70 |C| < 0.05

Shoulder 15 6 Θ 6 70 C > 0.05

Corner 15 6 Θ 6 70 C 6 0.05

Figure 3.4: Labelling results on a sample component, illustrating the Blank holding, Flat
bottom, Vertical wall, Inclined wall, shoulder and Corner areas respectively
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Chapter 4

Development of machine learning based

data classifier

4.1 Summary

This chapter describes the investigation on the applications of machine learning techniques to

classify the input finite elements by geometric feature for sheet metal forming processes. In this

project, several algorithms were constructed, ranging from elementary, such as logistic regres-

sion, to highly sophisticated, such as Feedforward neural network (FFNN) and deep recurrent

neural network (RNN). This section covers the detailed methodology of establishing and im-

proving the machine learning models and the results of these models applying on the prepared

data set. A comparative study was carried out comprehensively from various perspectives, in-

cluding detailed accuracy, training time, interpretable, etc, which suggested that deep recurrent

neural network classifier had the best performance, with an overall accuracy over 90%.
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4.2 Introduction

Resistance to the utilisation of machine learning techniques in the mechanical engineering

field always exists. The relatively low interpret-ability of machine learning technique brings

many questions and scepticism from researchers and engineers. However, a machine learning

algorithm is a rigorous mathematically defined operation. The model parameters updating

involved in the optimisation strictly follows the mathematical algorithm imposed. For example,

when solving the classification problem shown in Fig. 4.1 below (i.e. try to draw a line

separating the blue and red dots). The key of machine learning is to generalise how humans

’learn’ from data and make certain decision.

Figure 4.1: Binary classification problem with 2-dimensional input feature
1

The key problem to solve in this project is to identify the geometric feature of a element

on a workpiece without geometric information. When clients use the advanced simulation

module on SmartForming R© platform, only non-geometric data is uploaded. However, geometric

information is of vital importance in information chain in future manufacture industry. So it

is critical to have a classifier to identify the geometric information.

1 Image source:http://atrilla.net/index.php?article=blog&bcount=2
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4.3 Methodology

4.3.1 Preparation of training set

4.3.1.1 Input data of training data set

The input data contains seven physical parameters: (1)temperature, (2)major strain, (3)minor

strain, (4)strain rate, (5)major stress, (6)minor stress and (7)contact pressure at all stamping

stages. A 2D matrix x(i) was constructed to capture entire material history of the ith finite

element. Each row in the matrix refers to a physical forming parameter, and the index <t>

indicates the number of steps, which were normalised to 11. The input data are then stacked

to form a 3D tensor X,which is represented below.

x<t> =



x<t>1

x<t>2

x<t>3

x<t>4

x<t>5

x<t>6

x<t>7



=>



Temperature

Major Strain

Minor Strain

Strain Rate

Major Stress

Minor Stress

Contact Pressure



=>



x<1> x<2> x<3> . . . x<T>



(4.1)

...
...

x(m)<1> ... x(m)<T>

...
......

...

x(i)<1> ... x(i)<T>

...
......

...

x(1)<1> ... x(1)<T>

...
...

No.
of t

rain
ing

exa
mp

les

No. of stamping stages

n

Figure 4.2: Matrix of input data of all training elements
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4.3.1.2 Ouput of training data set

In addition, a scalar label y(i) is assigned for x(i) to represent the geometric feature of the finite

element. There are six classes of geometric locations, so y ∈ 0, 2, ..., 5. The correspondence

physical geometric location of each number is list in Table 4.1:

Table 4.1: Scale label for each geometric feature

Feature flange
zone

Flat
bottom

Vertical
Wall

Inclined
Wall

Shoulder Corner

Label 0 1 2 3 4 5

A one-hot coding is transforming a categorical data to a group of data data among which the

combinations of values are only those with a single ’1’ value and all the others are ’0’, for

the ease of compute cross entropy loss function when solving multi-class classification problem.

One-hot encoding is applied on the label data y, which transforms the scalar label y to a vector

y. The examples of such transformation is illustrated below.

OH(y = 0) =



1

0

0

0

0

0


, OH(y = 1) =



0

1

0

0

0

0


, ... OH(y = 5) =



0

0

0

0

0

1


(4.2)

4.3.2 Model architecture

Figure 4.3 shows the model architecture for logistic regression, feed-forward neural network and

deep recurrent neural network used in this chapter. The architecture (a) is the single neuron

network (SNNN) using logistic function (see section 2.3.1). The architecture (b) is the feed

forward neural network (see section 2.3.2. The architecture (c) is the deep neural network

design with multiple recurrent layers (see section 2.3.3. LSTM is a special kind of neural

network, capable of learning long-term dependencies. Dropout is a technique to randomly drop
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Figure 4.3: Model architecture for (a) logistic regression (b) feed-forward neural network and
(c) deep recurrent neural network

units from the neural network during training to prevents units from co-adapting too much.

LSTM were used and Dropout layers were also added to prevent the over-fitting/variance issue,

followed by a final softmax layer.

The fully connected layers (FC) is the feed-forward neural network. The input layer is a

vector with dimension of 7-by-1. The information is input to FC-1 and output activation with

dimension of 32-by-1. The number of LSTM layers is studied in the results section. Softmax

layer has the same dimension as the number of classes k, i.e. 6.

σsoftmax(zj) =
ezj∑k
1 e

zk
(4.3)

Cross-entropy is the cost function used in all the machine learning models. Minimizing the

cross entropy is to make the predict label ŷ to be more resemble the actual label y.

J(y, ŷ) = − 1

m

m∑
i=1

y(i) • log ŷ(i) = − 1

m

m∑
i=1

k∑
j=1

yj log ŷj (4.4)

Optimization method used in this process is achieved by gradient update of weights and biases.

The Adam optimiser, developed by (Kingma and Ba, 2014), is used in this project, which has
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shown excellent performance in training on various neural networks.

4.3.3 Model evaluation methods

4.3.3.1 Cross Validation

In development of neural network models, the dataset is randomly split into two different

groups: a training dataset and a test dataset. The training dataset contains 90 % of the data

while the test one contains the remaining 10 %. The training dataset is used to optimise the

weights and bias of machine learning model, and it is common for a well trained machined

model to have an excellent performance in the training data, and performs significantly worse

on new data due to the over-fitting problem. The purpose of the test dataset is to validated

the actual performance of the model when it is exposed to independent unknown input x.

All the results in this section are based on the model performances in test dataset. Accuracy

is the most important evaluation metric, which is essentially in the number of tested samples

how many samples the model is able to make correct predictions. Precision, recall and F1-score

are the other three important evaluation metrics of model accuracy, which are introduced and

explained in the following section.

4.3.3.2 Confusion Matrix

] A confusion matrix is a table that is used to describe the performance of a classification

model. A confusion matrix for a binary classification problem is illustrated as an example in

this section (as shown in Fig. 4.4. This confusion matrix has a dimension of 2-by-2, namely

true positive, false negative, false positive and true negative. The number in the true positive

box represent the percentage of true label is correctly predicted. False negative represents the

percentage of ture label is predicted wrongly. False positive means the percentage of false label

is correctly predicted. True negative means the false label is wrongly predicted.
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True
positivep′

p

False
negative

n total

P′

False
positiven′

total P

True
negative N′

N

actual
value

prediction outcome

Figure 4.4: Example of a confusion matrix for describing the performance of a classification
model

The precision, recall, and F1-score is determined as:

Precision =
TP

TP + FP
(4.5)

Recall =
TP

TP + FN
(4.6)

F1 Score =
2

Precision−1 + Recall−1
(4.7)

where precision is the ratio of correctly predicted positive observations to the total predicted

positive observations, and recall is the ratio of correctly predicted positive observations to the

all observations in actual class. F1 Score is the weighted average of Precision and Recall.

4.3.3.3 Overfitting issues

Overfitting could lead to bad performance of the neural network model, and three different

methods in solving these problems is used in this section (1) dropout, (2) small batch size (3)

regularization. The details of the three methods in reducing variance will be presented in the

result section instead.
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4.4 Results of logistic regression model for binary classifi-

cation

In this section, a logistic regression model was developed to identify whether the element is

in the die cavity region. The most significant difference between the element in the die cavity

region and in the blank holding region is the strain level. The logistic regression classifier was

then trained by two different data sets. The first only used strain related parameters, i.e. major

strain, minor strain, strain rate, while the second used a full data set. The classifier was trained

at 4 different learning rates for 30,000 iterations, and the results are shown in Table 4.2. The

best accuracy by using the strain data set was 82.89%, and it increased to 87.7% by introducing

temperature and contact pressure data in the data set.

Table 4.2: Accuracy of logistic regression classification using different data set at different
learning rate

Accuracy
Learning rate 0.05 0.1 1 3
Strain data set 82.43% 82.89% 73.06% 67.20%
Full data set 87.39% 87.70% 71.61% 69.68%

A confusion matrix shows how the model performs on classification in detail. For the model

trained by the strain data set, 84% of the element from blank holding area are correctly recog-

nised as blank holding area, while the rest 16% are wrongly identified as the die cavity region.

82% of the elements from die cavity region are recognised as the right region while the rest 18%

had the wrong geometric output. The accuracy of the logistic regression model was improved

when it was trained by the full data set, 90% of the blank holding elements and 86% of the die

cavity elements were correctly filtered out, and 14% of the die cavity elements and 10% of the

die cavity element were wrongly recognised. Using both data sets, the model with learning rate

of 0.1 always gave the highest accuracy, respectively. The learning curve of logistic regression

model is illustrated in Fig. 4.5. The learning process converged very fast, and reach a stable

cost value at 100 iterations when the learning rate is 0.05 and 0.1, while the curve did not

converge when learning rate is larger than 1.
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Figure 4.5: The confusion matrix of logistic regression model using (a) strain data set and (b)
full data set at optimised learning rate

Figure 4.6: The learning curve of logistic regression classification with different learning rate,
0.05, 0.1, 1 and 3 respectively
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4.5 Results of Feedforward neural network

4.5.1 One-hidden layer FFNN

Feedforward neural network is a more advanced machine learning algorithm that allows more

complex feature extraction from training data. This section introduced the development of

feedforward neural network model using full data set. An FFNN model with one hidden layer

was firstly developed in this section. FFNNs with 4, 8, 12 and 20 neurons in hidden layer

were trained and tested, at learning rate of 0.000005 in 2500 iterations. The performance of

the neural networks are shown in Table 4.3. Accuracy increases when the number of neurons

increases, and the over-fitting can be negligible. When the neuron increases, the size of matrix

increase proportionally, the computational power required is thus much larger. The optimised

overall performance is 12 neurons. Fig. 4.7 shows the confusion matrix of test data sets using

4, 8, 12, 20 neurons, respectively. The FFNN model with 12 neurons has the highest accuracy

on recognising BH region elements, 98% but lowest for DC elements. Models with 8 and 20

neurons have similar ability to detect element in both regions.

Table 4.3: Accuracy of data filter for different neurons in a one hidden layer FFNN

Neurons in hidden layer Train accuracy Test accuracy
4 90.03% 88.64%
8 91.93% 91.78%
12 92.18% 92.26%
20 90.99% 91.78%
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Figure 4.7: The confusion matrix of test data sets of one hidden layer FFNN model of (a) 4,
(b) 8, (c) 12, (d) 20 neurons, respectively
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4.5.2 Multi hidden layer feedforward neural network

In order to process a more complex classification problem, i.e. to separate the data into six

regions, FFNN with a multiple hidden layer structure was developed in this section. For

each layer, the number of neurons (dimension) can be altered. Instead of only choosing one

parameter, multiple parameters could be set, also, this process would use trial-and-error. If

it is a 3-layer network, the selection of dimension of hidden layers could be [i,j,k] where i,j,k

could be any integer. Although in convention the dimension is preferable smaller than input

dimension. Therefore, FFNN filter model with 3, 4 and 5 hidden layers were developed and

trained, and filter model with 1 hidden layer was also trained for comparison.

FFNN with 3 hidden layers were also trained for BH and DC region classification. The accuracy

for training set and test set after convergence (3,500 iterations trained) are 92.83% and 92.30%,

which is nis similiar to one hidden layer model, however, the computational power required in

training is much higher. The confusion matrix is shown in Fig. 4.8, and accuracy is 97% for

BH elements and 87% for DC elements.

By increasing the number of layers, it is expected to have positive impact on the model per-

formance. However, one more layer leads to a huge increase in computational power required.

Also, it will make the neural network more difficult to tune. As shown in Fig.4.9, the FFNN

with 4 hidden layers has produced the best result. Also, accuracies from both training and test

sets are close to each other, which means over-fitting is negligible. Comparing 5-layer FFNN

with 4-layer FFNN, not only did the overall accuracy drop, but more importantly, it became

unable identify the elements in the Upward Bending (UB) region. The 3-layer FFNN has lower

overall accuracies than 4-layer and 5-layer FFNN, but it performs better than 1-layer FFNN

on feature classification. They were able to identify elements in BH, Flat Bottom and Vertical

Wall regions with relatively acceptable accuracies. Accuracy on Inclined Wall and Downward

Bending is not high enough, and accuracy on Upward Bending region is too low.
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Figure 4.8: The confusion matrix of three layer FFNN model

Table 4.4: Accuracy of FFNN models with multiply hidden layer

Number of hidden layers Train Test Convergence
[Neurons in hidden layer] accuracy accuracy iterations
3 [40, 20, 15] 68.66% 68.6% 8,000
4 [45, 35, 25, 15] 72.51% 72.71% 12,000
5 [40, 30, 30, 20, 15] 67.54% 67.49% 8,000

Figure 4.9: The confusion matrix of test set of FFNN models with (a) three hidden layers, (b)
four hidden layers and (c) five hidden layers
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4.6 Recurrent neural network

4.6.1 Effect of learning rate and use of non-linearity in FC-1

The study on learning rate in FC-1 was conducted with batch-size of 4096 over 2000 iterations,

and the results are illustraed in table 4.5. The RNN model has the best performance at a

learning rate of 0.005, where all performance metrics are higher than other conditions. A unit

that implements linear ramp function is referred to as a rectified linear activation unit, or

ReLU for short. Networks that use the rectifier function for the hidden layers can significantly

improved the performance of feedforward networks. In this workm when the learning rate

reaches approximately 0.01, the model did not converge. Furthermore, by introducing ReLU

nonlinearity, the model accuracy increased by 2.8% .

Table 4.5: Effect of learning rate and nonlinearity in FC-1 layer on RNN model performance,
using batch size of 4096 at 2000 iterations

LR Non Linearity Train CrossEnt Train Acc (%) Dev Acc (%)

1E-04 N/A 1.35 69.1 68.1
ReLU 1.35 69.0 69.3

5E-04 N/A 1.33 70.9 70.5
ReLU 1.29 75.1 75.1

1E-03 N/A 1.28 75.7 74.7
ReLU 1.26 78.2 77.5

5E-03 N/A 1.21 83.3 81.7
ReLU 1.18 86.4 84.5

4.6.2 Effect of layer number in LSTM

The study on layer number in LSTM unit was conducted with batch-size of 4096 for 5000

iterations, and the reults are illustrated in in Table 4.6. The RNN models with 2 or 3 LSTM

layers have the best performance. Increasing the number of layers requires longer training time

and leads to more over-fitting problems.
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Table 4.6: Effect of number of LSTM recurrent layer on RNN model performance, using batch
size of 4096 at 5000 iterations

Model Train CrossEnt Train Acc(%) Dev Acc(%)
1 Layer 1.18 86.30 84.40
2 Layer 1.15 89.10 86.60
3 Layer 1.17 89.12 86.27
4 Layer 1.16 88.10 85.84

4.6.3 Methods of reducing classifier variance

Deep RNN was able to achieve training accuracy of 89.1%, and issue of over-fitting becomes

severer with deeper models. In order to solve over-fitting, the dropout method was used. Figure

4.10 shows the mechanism of dropout for a feed-forward NN, where an neural will assign a

probability of being dropout during the forward propagation. It can decrease the dependency

of subsequent layers, leading to a more average weights to be assgined to prevent the RNN

over-fitted to specific data points. On the other hand, the dropout reduces the number of

neurons, and its ability in capturing higher order nonlinearity is also reduced.
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Figure 4.10: Dropout of Neural Network

4.6.3.1 Dropout in fully connect layers

The study of dropout in RNN layers was conducted with 4096 batch size for 5000 iterations.

As shown in the Fig. 4.10 dropout is designed between layers of recurrent unit to reduce the

variance problem of the model (Gal and Ghahramani, 2015)), where the recurrent unit has
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a probability of dropout at every time-step ((Zaremba et al., 2014)). Leaky ReLU was used

instead of ReLU for improving the model performance.

Table 4.7: Study of dropout in fully connected layers

Non
Linearity

Dropout
Prob. (%)

Train
CrossEnt

Train
Acc (%)

Test
Acc (%)

Test-Train
Diff (%)

ReLu
0 1.14 89.12 86.58 2.5
5 1.18 85.20 84.76 0.44
10 1.20 83.13 82.28 0.85
0 1.17 87.53 85.71 1.82

Leaky
ReLU

5 1.16 88.54 87.24 1.3
10 1.16 88.43 86.27 2.16
15 1.16 87.91 86.25 1.66
20 1.17 84.43 86.01 1.58

The dropout in FC layers reduced the variance issue of the model. 5 percent dropout had the

best performance in balancing the bias and variance trade-off. By introducing the leaky ReLU,

the model with 5 percent had better performance than the model without dropout in training

accuracy, which is resulted from the additional randomness involved during training that helps

the NN finding global optimal points.

4.6.3.2 Effect of L2 Regularization in Fully Connected Layers

TL2 regularization is another technique used for solving variance issues in an RNN model.

The L2 regularization is the modification of the cost function, where an additional term is

introduced:

J(W , b) = Junreg(W , b) + λ

N∑
l=1

W [l] : W [l] (4.8)

The effect of L2 regularization was conducted at 5000 iterations, and the results are shown

in Table 4.8. L2 regularization reduced the train-dev accuracy difference less than 1%, but

increased the bias issue. Therefore, a good range of selecting λ will be around 0.00001.
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Table 4.8: Investigation on the effect of L2 regularization

LR Train CrossEnt Train Acc(%) Dev Acc(%) Dev-Train Diff (%)
1E-06 1.23 79.54 76.91 2.75
5E-06 1.21 82.87 80.84 2.03
1E-05 1.14 89.21 87.28 1.93
5E-05 1.21 81.87 80.08 1.79
1E-04 1.16 87.12 85.91 1.21
5E-04 1.23 80.20 79.74 0.46
1E-03 1.22 81.18 80.07 1.11
5E-03 1.37 66.55 65.87 0.68
1E-02 1.28 75.97 75.02 0.95
2E-02 1.38 65.56 65.16 0.40
5E-02 1.41 62.69 62.51 0.18

4.6.3.3 Effect of batch size

In this section, the effect of batch size on the model performance was investigated. A Large

batch size was used in the previous training process. A small batch size means that less data is

fed in the training process at a time, which could improve the statistical efficiency, Wilson and

Martinez (2003). Consequently, 5 different batch sizes were tested under 3 different learning

rates at 10000 iterations

Table 4.9: Investigation on the regularisation effect of batch size at different Learning Rates

LR Batch Size Train CrossEnt Train Acc(%) Dev Acc(%) Dev-Train Diff (%)

5E-03

256 1.23 80.72 80.46 0.19
512 1.19 81.84 80.83 1.01
1024 1.18 85.09 83.42 1.71
2048 1.20 83.73 82.81 0.95

1E-03

256 1.19 86.00 85.65 0.35
512 1.18 86.54 83.89 2.65
1024 1.25 78.74 76.22 2.52
2048 1.21 82.43 80.22 2.21

5E-04

256 1.195 84.86 84.43 0.42
512 1.23 80.88 79.61 1.27
1024 1.30 74.66 74.54 0.14
2048 1.20 84.74 82.93 1.82

Batch size has considerable effect on the accuracy of the models, as shown in Table 4.9. Small

batch size trended to have both higher train and development accuracy within a 0.5% differnece.

Consequently, such hyper-parameter setting is use in the final model.
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4.6.4 Comparison of final models

This section presented the final versions of various architecture of RNN model, The dimensions

of FC-2 and FC-3 is set as 32 with a 5% dropout rate. The learning rate is 0.01 with a batch

size of 256. Regularization was not necessary in this project. The final models have achieved

the accuracy over 90%.

Table 4.10: Performance of various fined tunned models

Model Dev CrossEnt Dev Acc(%) Recall(%) Precision(%) F Score(%)
2 Layer 0.2929 87.78 87.78 88.06 87.86
3 Layer 0.2148 90.06 90.06 90.09 90.07
2 Layer Leaky 0.2762 88.52 88.52 88.63 88.56
2 Layer Bi-D 0.1912 92.74 92.74 92.74 92.74
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Figure 4.11: The confusion matrix for final 2 layer LSTM model

This chapter developed a machine learning based model, providing a reliable tool to classify

the finite element data by their geometric information from the thermo-mechanical behaviour.

To discover the scientific meaning behind, several physical based models are developed in the

next chapter.
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Figure 4.12: The confusion matrix for final 3 layer LSTM model
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Figure 4.13: The confusion matrix for final 2 layer with leaky-ReLU activation LSTM model
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Figure 4.14: The confusion matrix for final 2 layer bi-direction LSTM model
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Chapter 5

Development of physics based data

filtering technique

5.1 Summary

This section dedicates into the investigation on the development of physical-based data filtering

technique in the sheet metal forming processes based on the evolutionary thermo-mechanical be-

haviour. In this project, a strain-based filter, a temperature drop filter and a thermo-mechanical

evolutionary algorithm were constructed. This section covers the detailed methodology and re-

sults of the physical-based filter.

5.2 Strain-based filter

Strain is one of the most important parameters in the sheet metal forming process. During the

forming process, the elements in the blank holding area usually experience little deformation

and at a very low level of strain value. A strain filter was then developed for identifying elements

in the blank holding (BH) region and in the die cavity (DC) region. This filter was developed to

generate a more representative dataset for a specific sheet metal forming process by eliminating
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the elements in blank holding area from the dataset. The criteria for this filter were determined

by analysing trends and the distribution of the strain related data during process.

5.2.1 Strain related parameters preparation

In the dataset, the available data related to strain are major strain, minor strain and strain

rate. Thickening and β are derived from these values, which providing more information for

strain filter. Firstly, the constant volume assumption is applied,

ε1 + ε2 + ε3 =
∆V

V
= 0 (5.1)

and the thickening, ε3, is calculated by

ε3 = −ε1 − ε2 (5.2)

and β is calculated by

β =
ε1
ε2

(5.3)

The vector of input training set with 5 dimension is constructed, and each element in the vector

corresponds to a physical forming parameter during the stamping stage:

x<t> =



x<t>1

x<t>2

x<t>3

x<t>4

x<t>5


=>



Major Strain

Minor Strain

Strain Rate

Thickening

β


=>


x<1> x<2> x<3> . . . x<T>


(5.4)

5.2.2 Filter Mechanism and criterion

The filter mechanism is illustrated in Fig.5.1. The filter consists of 3 main algorithms to filter

out the element in the die cavity region. The 1st layer of the filter based on strain rate data,
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5.2. Strain-based filter

thickening value is then applied to the remaining data. A strain filter is applied to give the

final results.

Figure 5.1: Schematic of the strain-based filter, dark blue part represents left-over elements,
and the remaining parts are filtered elements for die cavity region, and each step the left-over
is sent into the next level of filter

Strain rate filter:

ε̇i,9 − ε̇i,3 > c1

n∑
i=1

(ε̇9 − ε̇3)
n

(5.5)

where i is the element number, n is the total number of element in simulation models.

Thickness filter:

ε̇m,3 − ε̇m,9 > 0.9× ε̇m,3 (5.6)

Strain filter:

ε1,f < c3 (5.7)
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5.2.3 Strain filter results

By applying the weighting, the overall accuracy are calculated by:

W =
nm
ntotal

(5.8)

aoverall =
nm∑
m=1

nm
ntotal

am = 78.3% (5.9)

where W represents the weight of each model which is calculated by the element number of

each model, nm and the total number of element, ntotal. am is the accuracy of each model, and

aoverall is the overall accuracy. For simply geometry, the accuracy can be 95% while for complex

geometry, the accuracy is only 70%. This indicates that this preliminary strain filter was effect

by the geometry of the components.

5.3 Temperature drop filter

Therefore, a temperature filter was developed to identify the formed part in the raw data of the

FE simulation. A key feature of the blank holding region is that it is usually kept double-side

contact to blank holder and die, while the formed part will undergo a process of single-side

contact with the punch. Therefore, the differences of temperature evolutions between the FE

simulation and a calculated temperature drop based on double-sided condition can be used as

a criterion to determine the contact condition of the blank. The energy balance equation for

heat transfer analysis is expressed as:

kA∆T + V ṙ −mcṪ = 0 (5.10)

where kA∆T is the heat transfer rate, k denotes interface heat transfer coefficient, A is the area

of the element in FE simulation and ∆T denotes temperature gradient between the surface, V ṙ

is the heat generation rate, and mcṪ is the internal energy-rate, c is the specific heat capacity.
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5.3. Temperature drop filter

Table 5.1: Parameters in heat transfer filter

hT hB cT cB ρT ρB
m m J/(gk) J/(gk) g/m3 g/m3

0.006 0.0015 0.473 0.891 2.7 7.85

The heat generation in the deforming body is only due to plastic deformation:

ṙ = κσε̇ (5.11)

where the heat generation efficiency, κ, represents the fraction of mechanical energy transformed

into heat and is usually assumed to be 0.9. The internal heat transfer coefficient is a function

of contact pressure, P .

k = f(P ) (5.12)

The time-based internal heat transfer between the surfaces can be determined by:

ṪT =
k(P )A(TB − TT )

mT cT
(5.13)

ṪB =
k(P )A(TT − TB)

mBcB
+ V ṙ (5.14)

where ṪT and ṪB the temperature change at the current stage for tool and blank, respectively.

ṪT,i+1 = ṪT,i +
k(Pi)(TB,i − TT,i)dt

hT cTρT
(5.15)

ṪB,i+1 = ṪB,i +
k(Pi)(TT,i − TB,i)dt

hBcBρB
+ AhBκσiε̇i (5.16)

where ˙TT,i+1 and ˙TB,i+1 the temperature change at the next stage for tool and blank, respec-

tively.

Therefore, the evolution of theoretical double-side based temperature drops of elements is ob-

tained, which is then compared to the simulative results. Those elements with much less

temperature drop are identified. A B-pillar and a limited height dome shape are tested as

examples. The parameters used in heat transfer calculation are listed in Table 5.1. A refined
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location filter is carried out for comparison. For the B-pillar, the remaining elements in blue are

almost the same as the location filter, about 96.3% in similarity. It is worth mentioning that at

the blank holder area there is a region which should be filtered out but remained. Looking into

this area, it is found that in the original simulation the contact pressure of this area is relatively

higher than the remaining part of the blank holder area, resulting in a larger temperature drop.

Due to the heat conduction, the heat from surrounding elements transferred into this area and

thus the simulated temperature drop is higher than analytical calculation, leading to the error

in the filter process. Same problem is found in the dome shape simulation, the sheet blank in

dome simulation is clamped by the die and blank holder in the drawbead region. The heat in

this region transferred into the surrounding elements, leading to the blank holder part remained

but the elements close to it is filtered out. The similarity of temperature filter and location

filter is still above 86%, which is acceptable. In summary, the problem of this method is that

the internal conduction within the sheet metal itself is ignored, therefore, those elements that

are filtered out due to higher temperature drop can be close to blank holder area rather than

on the blank holder area.

aoverall =
nm∑
m=1

nm
ntotal

am = 81.3% (5.17)

5.4 Unified thermo-mechanical evolutionary algorithms

In this work, thermo-mechanical evolutionary algorithms were developed to enable geometrical

characterisation of finite elements from high temperature sheet metal forming process simula-

tions in the absence of spatial or visual data. Comparative studies were conducted focusing

on a dataset comprising vast volumes of experimentally verified FEA data from different part

geometries. It was found that an equivalent strain uni-variate algorithm was rigorous in recog-

nising the blank holding area with an accuracy of 94.5%. By utilising the evolution of strain,

strain rate and temperature, a time-dependent multivariate algorithm was able to successfully

identify the side wall and die bottom areas with accuracy of 92.3% and 95.1%, respectively.
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5.4. Unified thermo-mechanical evolutionary algorithms

Moreover, the performance of the multivariate algorithm was further increased by introducing

stress states, such as the Lode parameter and stress triaxiality. The utilisation of these al-

gorithms thus enables the visualisation of high temperature metal forming processes from the

analysis and processing of digital deformation history data.

5.4.1 Thermo-mechanical data review

Figure 5.2: Example of data used in physical-based classification model research. Normalized
pressure of raw data are illustrated along the normalised forming process, showing different
patterns with various geometric locations.

The benchmark data have been labelled as three groups with distinct features, suggesting the

three distinct geometric origins of these data. Fig. 5.2 (a), (b) and (c) show the evolution

of contact pressure of the three features against forming time. As shown in Fig. 5.2 (a), at

the initial stage from 0 to 0.8 forming time, the contact pressure of the data in this region

is approximately 10% of the flow stress of the material, indicating that the material in this

region is loaded elastically at the beginning of the forming process. The contact pressure of

the data in this region increases by 3 times at the end of the forming process from 0.8 to 1,

which might be caused by plastic deformation at this stage. Fig. 5.2 (b) shows the evolution

of contact pressure of data group 2. The contact pressure of the data in this region is found to

be a discontinuous mode, i.e. none of the data from this region is loaded in the middle of the

forming process, which could be caused by the discontinuous contact between the workpiece

and die. Fig. 5.2 (c) shows the evolution of contact pressure of data group 3. The contact

pressure of the data in this region is up to 0.8, showing a severe oscillation pattern from 0.1

to 1 forming time, suggesting that the data in this region could be involved into the plastic

deformation in a transient manner.
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Figure 5.3: Example of data used in physical-based classification model research. Strain rate of
raw data are illustrated along the normalised forming process, showing different patterns with
various geometric locations.

Figure 5.4: Example of data used in physical-based classification model research. Major strain
of raw data are illustrated along the normalised forming process, showing different patterns
with various geometric locations.

Evolutions of plastic strain rate against forming time are presented in Fig. 5.3 (a), (b) and (c),

and the accumulated plastic strains are presented in Fig. 5.3 (a), (b) and (c). The strain rate

of the data group 1 ramps up gradually from 0 at the forming time of 0.2 to 5 s-1 at the forming

time of 1, as shown in Fig. 5.3 (a). It results in a similar trend of the corresponding plastic

strain, which also increases from 0 at the forming time of 0.2 to 0.1 at the forming time of 1, as

shown in Fig. 5.4 (a). The low strain/strain rate values indicate that the data from this region

is not plastically deformed severely. In addition, the plastic strain in this region occurs at the

late stage after the forming time of 0.2. As shown in Fig. 5.3 (b), for the data from this region,

the strain rate ramps up to 1 s-1 between the forming time of 0 and 0.7, followed by a sharp

increase to almost 20 1 s-1 at the end of forming. As shown in Fig. 5.4 (b), the elements thus

experience low strain level that is less than 0.05 before the forming time of 0.7, and a sharp

increase up to 0.4 at the end of forming. This indicates that most of the plastic deformation of

the material from this region occurs at the end of the forming process, and high rate loading

may occur in these elements. As shown in Fig. 5.3 (c), the strain rate of the elements in group
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Figure 5.5: Example of data used in physical-based classification model research. Normalized
temperature of raw data are illustrated along the normalised forming process, showing different
patterns with various geometric locations.

3 increases from the initial stage, keeps at the plateau of approximately 5 s-1 at the end of the

forming process. The plastic deformation of these elements thus occurs from the initial stage,

showing a smooth ramp-up to a plastic strain of 0.25 and suggesting that most of the plastic

loading uniformly distributed from the forming time of 0.2 to 1.

Fig. 5.5 (a), (b) and (c) show the evolution of normalised temperature against normalised

forming time, and the normalised temperature of all elements decreases from the normalised

temperature of 1. In data group 1, as shown in Fig. 5.5 (a), the temperature of the data

from this region shows a relative steady-state decrease during the whole process and drop into

a normalised temperature range between 0.88 and 0.96. It indicates that the elements in this

region are under a relative stable contact condition. For group 2, the temperature data only

have a slight drop, and the main temperature drop happens from the forming time of 0.7, which

indicates that the heat transfer in this region is low. Accounting for the large deformation at

the end of the process, the normalised temperature of some data shows a sharp increase from

1.0 at the forming time of 0.8 to 1.02 at the forming time of 1. The temperature data of the

group 3 is illustrated in Fig. 5.5 (c), the normalized temperature drops to a range between

0.9 and 0.99. The various final temperature levels result from the different starting points of

temperature. The data drop either at the beginning or after a stable stage, which indicates

that the transit stage exists in this region during the process.

Evolutions of normalised major stress against forming time are presented in Fig. 5.6 (a), (b),

(c). In the data group 1, the stress state of the data shows a near-axisymmetric distribution,
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Figure 5.6: Example of data used in physical-based classification model research. Normalized
major stress of raw data are illustrated along the normalised forming process, showing different
patterns with various geometric locations.

Figure 5.7: Example of data used in physical-based classification model research. Stress triax-
iality stress of raw data are illustrated along the normalised forming process, showing different
patterns with various geometric locations.

i.e. 30% of the data are negative up to -0.5, indicating a near-linear compressive loading state,

whilst 70% of the data are positive up to 1.5, suggesting a near-linear tensile loading state. The

deviation between the compressive and tensile stress states becomes pronounced at the end of

the forming process, leading to a triangular-shaped data distribution. Fig. 5.6 (b) shows a

steady tensile loading with a major stress between 0 and 1 at the initial stage of forming from

0.1 to 0.8, followed by a wider spread tensile loading at the final stage of forming from 0.8 to

1. The stress data in group 3 exhibit a phenomenon opposite to that in group 2. The major

stress has a wide spread at the initial stage of forming from 0.1 to 0.8, ranging from -0.5 to 1.5

of the normalised value, followed by a steady tensile loading that 91% of the data has a major

stress from 0.5 to 1.5.

Evolutions of stress triaxiality against forming time are presented in Fig. 5.7 (a), (b) and (c).

As shown in Fig. 5.7 (a), the stress triaxiality data in the group are mainly retained in the

range of 0 to 2/3, indicating that the elements are under the bi-tensile condition or tensile-

dominated tensile-compressive condition. For data group 2, the stress triaxiality illustrates a
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significant transit stage from the range between 1/3 and 2/3 to another range between -2/3

and 1/3, as shown in Fig. 5.7 (b). It suggests that the elements change from the bi-tensile

condition to (bi-)compressive-dominated tensile-compressive condition. As shown in Fig. 5.7

(c), the stress triaxiality data in this region indicate a near-axisymmetric distribution in the

range from -0.5 to 0.4, indicating that the elements are at various stress states, including bi-

tensile, tensile-compressive and/or bi-compressive condition. 70% of the data are positive from

0 to 0.4, indicating a tensile-dominated condition, while 30% of the data are negative from -0.5

to 0, indicating a compressive-dominated condition.

The origin of the data group 1 is the blank holding area. The contact pressure at the initial

stage of forming is stable and low due to that the sharp increase of the blank holding force at

the final stage of forming is caused by the tendency of wrinkling leading to localized thickening

and increase in pressure. All these characteristics are shown in Fig. 5.2 (a) with clear evidence

of plastic deformation caused by wrinkling shown in Fig. 5.3 (a) and Fig. 5.4(a). The radial

stress data in the blank holding areas are at the tension state while the hoop stress data in the

blank holding areas are at the compressive state, leading to potential wrinkling in this region,

which becomes more pronounced at the end of the forming process. In addition, the near-linear

temperature drops shown in Fig. 5.6 (a) is caused by the constant interfacial heat transfer

between the workpiece and the die. At the end of the forming process, a more pronounced

deviation in temperature distribution is caused by greater differences in contact pressure.

The origin of the data group 2 is the die bottom area. This could be identified from the data

distribution, showing double-peak features (Fig. 5.2 b) in the contact pressure, i.e. the first

peak of contact pressure could be attributed to the initial contact being made between the

punch and workpiece, and the second peak could be caused by the forming of embossed/deep

pocket features and the die closing force. The discontinuous contact pressure at the intermediate

stage could be caused by the insufficient blank holding forces. Moreover, the data from this

region show large plastic strain and strain rate at the final stage of forming. This could be

corresponding to the forming of the embosses/deep pockets, as shown in Fig. 5.3 (b) and Fig.

5.4(b). Fig. 5.5 (b) shows the evolutions of equivalent stress.
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The origin of the data group 3 is be the side wall area. This can be identified by the wide spread

distribution of major stress shown in Fig. 5.6 (c) and uniform distribution of strain rate shown

in Fig. 5.3 (c) at the forming process from 0.2 to 0.8. The side wall area experiences bending

and unbending processes when it is drawn into the die cavity, which determines the starting

point of this deformation process. Once the forming process starts, the side wall elements

are continuously drawn into the die cavity, leading to various stress evolutions. This transient

contact condition also proves the phenomena found in Fig. 5.7 (c), i.e. severe oscillation pattern

of contact pressure. As shown in Figure l, the temperature drop also are in between the blank

holding area and die bottom area. The complex stress states are due to the curvature of the die

shoulder. A convex curvature could lead to a tensile-dominated stress-state on the side wall,

while a concave curvature results in a compressive-dominated condition. The comprehensive

analysis of these thermo-mechanical behaviours of the elements from three different data group

showed that the temperature, major strain and stress triaxiality are the most pronounced

features, which are used as the dominant parameters in the modelling work. Fig. 5.8 shows

the detailed stress state evolution data of finite element, the x-axis and y-axis representing the

load parameter and stress triaxility, respectively.

With a large number of features, the filtering model can be computationally expensive and

tends to overfit, resulting in their performance degenerating. Some features cause the noise

and potentially damage the model. To address the problem of the curse of dimensionality,

dimensionality reduction techniques have been studied. Feature important analysis is widely

employed technique for reducing dimensionality among practitioners. A small subset of the

relevant features from the original ones according to linear model regression. By removing

those unimportant features, the model may generalize better with lower computational cost

and better model interpretability. One such approach-based on the random forest feature

importance analysis was demonstrated to be highly effective for determining key physical factors

that control the complex phenomenon through the identification of simple thermo-mechanical

behaviour. The random forest feature importance analysis has been shown to be enormously

effective at predicting the preferred parameters during the hot stamping process, as shown in

Fig. 5.9. For all the stress regions, major strain, normalised temperature and stress triaxiality
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Figure 5.8: Stress state evolution data of finite element used in physical-based classification
model research, showing the load parameters and stress triaxiality with different geometric
features in sheet metal forming processes
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Figure 5.9: Random forest based feature importnace analysis

are the most important parameters among all the features.

5.4.2 Development of model

A governing model is used to develop the evolutionary algorithm, as shown below:

∫
GtFtdt = 0 (5.18)

where Gt, Ft are functions depending on the normalised time of the stamping process. Gt is

the process which is given by:

Gt =
1

A
√

2π
e−

(t−tf )
2

2A2 (5.19)

Ft is the criteria factor shown as:

Ft = f − fc (5.20)

It is then rearrange into ∫
1

A
√

2π
e−

(t−tf )
2

2A2 (f − fc)dt > 0 (5.21)

fc and tf are the two key parameters to separate the data from the desired region, parameter

factor and time indicator, respectively, by maximizing the information gain (IG). Information

gain is the entropy reduction when transforming a dataset, which is calculated by comparing
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Figure 5.10: Discrete fitting result of major strain, normalised temperature and stress triaxility
for blank holding area, flat bottom and side wall region, respectively

the entropy of the dataset before and after a transformation, which is defined as follows:

IG = IG− Ncut

N
I(Dcut)−

Nrem

N
I(Drem) (5.22)

where I is the gini impurity, which is the probability of incorrectly classfying a randomly chosen

element in the data set. D, Dcut and Drem are the full part, cut part, and remaning part of the

data set.

G =
n∑
i=1

p(i) [1− p(i)] (5.23)

where c is the total class, c = 2, in this case, p(i) is the probability of picking a datapoint

with class i. Minizing the gini impurity after cutting. Discrete fitting results were obtained

by maximizing the information gain from three important features: normalised temperature,

major strain, stress triaxiality. In Fig. 5.10 red dots represent the target zone, blue dots

represent the remaining of the data.

From time step 2, t2, from each time step, the criteria fc is determined by maximizing the
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information gain. To summarize the accuracy for each step, a best- univariate combination is

obtained. A bi-univariate combination is also calculated to maximizing the total information

gain through 2 individual variables.

5.5 Results and discussion

Fig. 5.10 shows the discrete fitting results of major strain, normalised temperature and stress

triaxility for the blank holding area, the flat bottom and the side wall region, respectively. For

the blank holding area, uni-variable algorithms using temperature at 0.9 normalised time, major

strain at 1 normalised times and stress triaxiality at 0.1 normalised time, with an accuracy of

85.6%, 79.8%, 66.7% and 63.75% respectively. For flat bottom, uni-variable algorithms using

stress triaxiality at 0.9 normalised time, temperature at 0.9 normalised time, major strain at

1 normalised time, with an accuracy of 71.6%, 79.2% and 71.5%. For side wall, uni-variable

algorithms using major strain at 0.7 and 0.2 normalised time, stress triaxiality at 1 normalised

time, with an accuracy of 80.2%, 71.1% and 65.0%. For multi-variable algorithms, the blank

holding area was filtered by using final temperature, temperature drop ratio and major strain

with an accuracy of 95.4% Flat bottom is filtered by using final stress triaxiality, initial major

stress and temperature drop ratio with an accuracy of 92.3%. Side wall is filtered by using the

final variation of stress, temperature at 0.2 normalised temperature and final stress triaxiality

with an accuracy of 85.1%.

Table 5.2: Model parameter obtained from uni-variate model

Geometric location No Variable tf fc Single-variate
accuracy

Multi-variate
accuracy

Blank
holding
area

1 Temperature 0.9 0.9205 85.6%
2 Major strain 1 0.014 66.7% 95.4%
3 Stress triaxility 0.1 0.287 79.3%

Flat bottom
1 Stress triaxility 0.9 0.0788 71.6%
2 Temperature 0.9 0.9539 79.2% 92.3%
3 Major strain 1 0.0597 71.5%

Side wall
1 Major strain 0.7 0.0201 80.2%
2 Major strain 0.2 0.0031 71.1% 85.1%
3 Stress triaxility 1 0.246 65.0%
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Figure 5.11: Confusion matrix results of classification algorithms for (a) blank holding area,
(b) flat bottom and (c) side wall regions, respectively

In this section, a theoretical framework was developed for data processing for the extraction

of insightful information from vast volumes of information-absent finite element data of high

temperature sheet metal forming processes. The framework is consisted of data pre-processing,

data filtering and data visualization algorithms. The proposed data processing framework is

an efficient tool for analysing vast volumes of information-absent finite element data, providing

insightful information with respect to different regions of the product. The following conclusions

can be drawn:

• Three main typical thermo-mechanical features were found in a high temperature sheet

metal forming process, representing three typical geometrical features of the components,

blank holding area, side wall and flat bottom area. Three thermo-mechanical evolutionary

algorithms were developed to enable geometrical characterization of these geometrical
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features in the absence of spatial or visual data.

• It was found that a strain univariate algorithm was rigorous in recognizing the blank

holding area with an accuracy of 95.4%. By utilising the evolutions of strain, strain rate

and temperature, a time-dependent multivariate algorithm was able to successfully iden-

tify the side wall and die bottom areas with accuracies of 85.1% and 92.3%, respectively.

Moreover, the performance of the multivariate algorithm was increased by introducing

stress states, such as the Lode parameter and stress triaxiality. Furthermore, the mod-

elling framework and methodology in this research could be used as a protocol to analyse

other forming processes.

72



Chapter 6

Development of a data visualisation

technique

6.1 Summary

Research in metal forming processes has traditionally followed the convention of validating

hypotheses with repeatable experimental trials. The accuracy of FE analysis is significantly

dependent on the material characterisation, as well as definitions of boundary conditions, and

the reliable characterisation of boundary conditions remains challenging, which can be partly

explained by the fact that the real boundary conditions in metal forming processes are not

well understood. The variables of coefficient of friction (COF) and interfacial heat transfer

coefficient (IHTC) were studied as these are two of the most important boundary conditions

in finite element analysis for sheet metal forming processes. COF affects the variation in stress

distributions, lubricating conditions, die surface characteristics and homogeneous deformation

across the contact area between die, punch and blank. IHTC is also a parameter of vital

importance in sheet metal forming at elevated temperature to determine the cooling rate and

the post-form strength when optimising the forming condition. For both of these variables,

throughout the tool surfaces, the contact pressure, relative sliding velocity and distance, and

experienced temperature vary over the duration of forming process thus presenting significant
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challenges in modelling this behaviour using conventional mathematical models. The workpiece-

tool interfaces at different regions, such as the blank-holding area, die radius and die cavity

areas, also have different friction coefficient and wear conditions. Therefore, there is a clear need

for analyses of the evolution of these boundary conditions to establish a relationship between

fundamental tests and metal forming processes to improve the effectiveness of experimental

testing and wear modelling.

6.2 Introduction

The data processing technique to optimise a process and to understand large data sets are

widespread in industries such as manufacturing engineering (Kwon et al., 2014; Lee et al.,

2013), healthcare(Khoury and Ioannidis, 2014) and finance(Preis et al., 2013), but their utility

in the metal forming research has been limited. Finite Element (FE) analyses have been widely

used in the automotive and aerospace industries to simulate material behaviours of the products

during forming processes and to design optimal metal forming strategies by utilising constitutive

equations, boundary condition models, which creates an opportunity for the vast amounts of

data generated in FE simulations to be processed in a variety of forms. Mining the information

generated from experimentally verified FE models can be a promising approach to obtain a

deeper and broader analysis and understanding of the real metal forming processes. It also

enables data-driven decision making, which refers to the practice of basing decisions on the

analysis of data rather than purely on intuition. Data-driven approaches can therefore be used

to build testing matrices for experiments based on the analysis of data from FE models. Figure

6.1 shows how data may be processed in the context of closely related sheet metal forming

processes. Such an approach could be used to more accurately determine characteristics of

boundary conditions during forming processes such as aluminium hot stamping.

Based on a database of experimentally verified finite element simulations, this chapter in-

troduces tribo-maps presenting the distributions and variations of the contact conditions at

workpiece-tool interfaces of hot aluminium stamping processes. The complexity of a physical
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Figure 6.1: Data processing in the context of closely related processes of in data-driven decision
making in sheet metal forming research

model describing the interaction between the tool and blank material, contact pressure, tem-

perature, sliding velocity and sliding distance for each region of a component necessitates these

data-driven methods to be adopted to identify correlations and characterise materials, and thus

to propose specific test conditions for conducting experimental work. Exploiting and analysing

the existing data on stamping processes would increase the effectiveness of experimental testing,

the accuracy of friction and wear tests and subsequently developed models.

6.3 Tribological Data processing for hot stamping of alu-

minium alloys

The data processing technique is introduced in this chapter, which reveals the contact condition

evolution for a large database of experimentally verified sheet metal forming processes, which is

expected to provide a clear guideline for tribological tests for this technique. The basis for un-

derstanding the tribological behaviours of hot stamping processes include the contact pressures,
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relative sliding velocity, relative sliding distance, and temperature differences between tool and

workpiece, quantifying the uneven distribution of the contact conditions in space and time.

Thus, the first stage involves extracting the related data of the stamping process from each

experimentally verified FE simulation. The database comprises existing FE simulation results

from previous studies at Imperial College London and the partners from various projects. The

FE models developed in PAM-STAMP and AUTOFORM were verified by the real components

formed by in-house forming facilities at Imperial College London and industrial partners by

the thickness distributions or strain distribution, and blank temperature drop evolution. The

tribology-related database includes the X, Y, and Z coordinates, contact pressure and temper-

ature of each element on the blank and the forming tools, at each computational step of the

stamping processes. The forming parameters including the stamping speed, blank holding force,

stroke, initial blank temperature as well as the computational time step for each simulation

were also obtained. The processing method is introduced in detail in the following section. The

processed data were used to generate the probability distributions to provide an overview of the

interfacial conditions, and comprehensive contact condition evolution, including the probability

and temperature difference as a function of the relative sliding distance, are presented.
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Figure 6.2: Tribological data processing procedure
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6.3.0.1 Temperature difference and relative sliding

Contact pressure, relative sliding velocity/distance and temperature difference are the most

important information for tribological characterisation of a sheet metal forming process. How-

ever, unlike contact pressure, which can be directly output from the FE simulation software, the

relative sliding velocity/distance and the temperature difference between the tool and blank el-

ements required further calculations. In order to obtain this information, this chapter provides

a simple method to identify the contact relationship between the blanks and the forming tools

during the hot stamping process. For each tool element at any stage of the stamping process

(excluding the first and final stages), if its contact pressure is non-zero, the distances to all of

the blank elements are calculated to determine its nearest blank element. The tool element

and the corresponding nearest blank element can then be regarded as a contact pair (Eq.6.1.

As shown in Figure 6.3, at Stage N, the two elements from the tool and blank, respectively, is

a contact pair.

minf(e, b, nearest) =
√

(xb,e − xt,n)2 + yb,e − yt,n))2 + (zb,e − xt,n)2 (6.1)

subject to

n ∈ {1, 2, 3, 4, ...tool element number}

where e is the number of the blank element, x, y, z are the X, Y, Z coordinates and the sub-

scripts b and t refer to the blank and tool. f(e,b,nearest) denotes the vector (xb,e, yb,e, zb,e).The

temperature differences between the blank and each tool element can subsequently be obtained:


∆Tt,n = Te,bnearest − Tt,n, if Pt,n > 0

∆Tt,n = 0, if Pt,n = 0

(6.2)

By using the X, Y, Z coordinates of the blank and tool elements, the relative position changes

between the contact pair from one stage to another can be used to calculate the corresponding

relative sliding velocity and relative sliding distance, shown in Figure 6.3, and Eq. 6.3 and

Eq.6.4.
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Figure 6.3: Schematic of relative sliding velocity calculation


vs = 1

2
vpost, for s = si

vs = 1
2
(vpre + vpost), for si < s < sf

vs = 1
2
vpre, for s = sf

(6.3)

lt,n =
∑

vt,ndt (6.4)

where s is the normalised time step, si is the initial time step, sf is the final time step.

6.3.0.2 Filtering and weighting technique

Due to the existence of noisy data in each FE simulation, filtering is required to select the most

relevant results for tribological characterisation of the forming process. For example, there may

be regions of the material that do not experience any sliding and that could skew the data

analysis. Furthermore, if the FE results are analysed without weightings, each element from

every FE simulation would have the same level of contribution to the data analysis as any other

element. This assumes that each element has an equal probability of existing in a hot stamping

process, whilst in reality the data size of each simulation file varies dramatically across different

studies. When the distortion caused by a large simulation file affects the combined dataset

significantly, then weighting is necessary to account for sample bias before the integration of it

with the dataset.
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6.3.0.3 Sliding-based database and normalised wear distance

Using the two data processes above, the contact pressure, temperature difference, relative

sliding velocity and accumulated relative sliding distance of each tool element at each stage

of the entire hot stamping process could be obtained. However, the time-based contact data

does not reflect a tribological process correctly as not all of the tool elements slide against the

blank throughout the whole forming process. The elements at the edge of the blank-holding

area may only undergo sliding at the initial stages of stamping, while the elements in the die

cavity may only experience sliding at the final stages. In order to have a deeper understanding

of the contact condition evolution of the tool elements, the contact conditions were studied in

relation to the accumulated relative sliding distance. The time-based contact condition was thus

transformed into a sliding-based one, where the contact pressure and temperature difference of

the tool elements were interpreted according to the sliding distance.

However, due to the large range of stamping speeds and strokes used in each study, the inves-

tigation could not be conducted with absolute values. A normalised wear distance(NWD) is

therefore introduced, which is the ratio between the sliding distance and punch stroke, and is

proposed to eliminate the effect of stroke on the wear distance and to also indicate the extent

of stretching and drawing in each element (see shown in Eq. 6.5). The closer the NWD value

is to 1, the closer the sliding distance experienced by a tool element is to the stroke length,

representing the increased material draw-in taking place.

normalised wear velocity =
relative sliding velocity

stamping speed

normalised wear distance =
relative sliding distance

stroke

(6.5)
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6.4 Results and discussion

6.4.1 Overall contact conditions at tool surface

To standardise the data, the FE simulation results used in the study were all for AA6xxx alu-

minium alloys under hot stamping conditions, with different configurations. AA6xxx formed

under hot stamping processes exhibits complicated contact pressures, relative sliding velocities

and temperature differences. Figure 6.4a summarises all the local contact pressure and instant

relative sliding velocity in the current database, and shows the probability distribution of the

contact pressure and normalised wear velocity on the die surface. The contact pressure varies

from 0 to 120 MPa, and 75.1% of the contact conditions were in the range of 0 to 10 MPa. Al-

though the most frequent occurrence can be used to define appropriate friction test conditions,

the maximum contact pressure of 120 MPa encountered during hot stamping must also be con-

sidered. Figure 6.4b shows the temperature difference as a function of the contact pressure and

normalised wear velocity, from which it was found that most of the contact conditions during

hot stamping tended to have high temperature differences. 64.8% of the elements experienced

a 430-460 ◦C temperature difference, and the minimum temperature difference was found to

be around 120 ◦C. The average temperature difference in region 3, high-pressure-low-velocity

region, and region 4, high-pressure-high-velocity region, was also found to be lower than that

in the other two regions.

The distribution can be divided into four main parts. Regions 1 (R1), 2 (R2) and 3 (R3)

account for 94.9% of the total interfacial conditions, showing an exponential distribution along

the normalised wear velocity, from which it was found that the contact pressure and normalised

wear velocity were inversely proportional to each other. The elements experiencing a high

contact pressure mostly had a small contact pressure (R3) and vice versa (R2), and this was

due to the high frictional forces resulting from the high contact pressures restricting the material

flow. An exception to this occurs in the high-speed region at a normalised wear velocity greater

than 0.9, where the contact pressure is over 10 MPa and up to 116 MPa, and accounts for

2.5% of the total conditions. This phenomenon typically exists at the die radius area and the
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(a) Probability distribution (b) Temperature difference distribution

Figure 6.4: (a) Probability and (b) temperature difference distributions as a function of the con-
tact pressure and wear velocity on the tool surface during hot stamping of AA6xxx aluminium
alloys

radii of key features, where the relative sliding velocity is close to the stamping speed and the

continuous bending process requires a large contact pressure. The temperature difference in

Regions 1 and 2 are found to be higher than Regions 3 and 4, which indicates that Regions 3

and 4 usually happened at the later stage of the stamping process.

6.4.2 Contact condition evolution during the wear process at the tool

surface

6.4.2.1 Die

Figure 6.5 shows the characteristics of the contact conditions during hot aluminium stamping,

in which the contact pressure evolution of all the sliding elements on the die surfaces was plotted

against their normalised wear distances. The contour in Figure 6.5a presents the probability

distribution and that in Figure 6.5b presents the average temperature difference distribution

experienced by the cold die in contact with the hot blank. Most of the elements are located in the

L-shape region formed by R1 and R2, where the contact pressure and normalised wear distance

are inversely proportional to each other. As described previously, elements with low contact
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(a) Probability distribution (b) Temperature difference distribution

Figure 6.5: (a) Probability and (b) temperature difference distributions as a function of the
contact pressure and wear distance on the die surface during hot stamping of AA6xxx aluminium
alloys

pressures usually experience long wear distances and vice versa, and some elements undergo

both high contact pressures and wear distances simultaneously, resulting in the most severe

friction and wear conditions. Additionally, the temperature difference between the die and

blank reduces during the forming process, and that is increases with increasing contact pressure.

Above 20MPa, the temperature difference reduction rate is almost constant, indicating that the

interfacial heat transfer coefficient (IHTC) reached its peak value, which was also found by Liu

et al. (2017). The contact pressure is a critical parameter determining the heat transfer between

the aluminium blank and tool during hot stamping processes. The IHTC gradually increase

with increasing contact pressure and reaches a steady-state value at approximately 20 MPa.

The contact condition distribution can be divided into 3 different parts: the draw-in contact

region(R1), the tool strike region (R2) and the transient contact region (R3). Region 1 accounts

for 64.8% of all the contact conditions. Elements in this region undergo a low and stable contact

pressure up to 10 MPa within the NWD range from 0.1 to 0.98, with the blank flowing along

the tool surface relatively freely. The contact pressure increases slightly, while the temperature

difference experienced by the elements in this region decreases at a relatively low rate due to

the low contact pressures. The draw-in contact conditions are typically located on the blank

holding area and slide walls. For the elements in the blank holding area, the contact pressure is

highly dependent on the blank holding force, while the wear distance is related to the level of
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draw-in at different locations in the blankholding area. If the size of the blank is smaller than

the tool, the distance to the die edge will affect the wear distance. For the elements on the

side wall, the clearance between the punch and side walls determines the contact area and the

magnitude of the contact pressure. The contact area will also shift as the blank flows from the

blank holding area into the die cavity, causing elements to undergo relative wear intermittently.

Region 2 accounts for 5.1% of all the contact conditions, with elements in this region having

relatively high contact pressures from 30 to 120 MPa, but an extremely short NWD of up to

only 0.1, with over 90% of the elements having a NWD of less than 0.02. This part of the

tool only has extremely short relative wear with the hot blank. For the elements undergoing a

contact pressure higher than the flow stress of aluminium at elevated temperatures, the material

flow was locally restricted, with some of the element experiencing hydrostatic pressures. The

temperature difference between the elements also remained at a high level in this region due

to the high contact pressures. The high contact pressures may have been caused during the

forming of complex features in the die, such as pocket regions, leading to high levels of localised

deformation and local work hardening of the material. These elements only experience wear at

the very end of the stamping process. In addition to the die cavity, the blank material at the

punch radius would also show this type of tribological behaviour.

Region 3 accounts for 10.1% of all contact conditions, where the elements experienced both

a large contact pressure and a long normalised wear distance. In this region, the normalised

sliding distances of the elements are slightly shorter than the draw-in contact region, and the

contact pressures are lower than tool stroke region, varying from 20-100 MPa and always lower

than the material flow stress. According to Pereira et al. (2009), s steady-state contact pressure

response exists for the deep drawing of steel at room temperature. However, here the contact

pressure gradually increases during the process. This is mainly caused by the temperature

decrease and consequent strength increase of the aluminium sheet blank, and is determined by

the forming speed and blankholding force used in the forming process. For example, at a low

forming speed, usually below 100 mm/s, the temperature drop is much more significant. This

typical tribological behaviour usually occurs at the die radius area, where the material flow

relatively freely and intensive bending and straightening occur, which also makes this the most
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Figure 6.6: filtered visualisation of tool life prediction

worn region of the tool. The variation of the contact pressure range is mainly caused by the

design of the die geometry Eriksen (1997). Fig. 6.6 summarised all the sliding conditions on

the die surface.

6.4.2.2 Punch, blankholder, and die with drawbeads

Figures 6.7 and 6.8 illustrate the contact pressures of all sliding elements on the surfaces of

the punch and blankholder, respectively, as a function of the normalised wear distance, with

contours representing the probability and temperature difference distributions. It can be seen

from Figure 6.7 that for the punch, most of the elements are located at the short normalised

wear distance region, where the contact pressure varied from 0-120 MPa, and the temperature

difference remained at a high level of approximately 460 ◦C. For some of the elements with

a normalised wear distance of less than 0.02, the sliding process occurs with relatively low

temperature differences. Those elements typically occur at two parts of the punch; the flat end,

where during the stamping process the material is bent by the punch radius and the flat end

of the punch does not fully contact the blank material until the die is fully closed. The second

part is located at the regions of the punch furthest from the blank, and only experiences sliding
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(a) (b)

Figure 6.7: (a) Probability and (b) temperature difference distributions as a function of the
contact pressure and normalised wear distance on the punch surface

(a) (b)

Figure 6.8: (a) Probability and (b) temperature difference distributions as a function of the
contact pressure and normalised wear distance on the blankholder surface
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(a) Probability distribution (b) Temperature difference distribution

Figure 6.9: (a) Probability and (b) temperature difference distributions as a function of the
contact pressure and wear distance on the die surface with the drawbead during hot stamping
of AA6xxx aluminium alloys

at the very end of the stamping process.

For elements on the blank holders, Figure 6.8 shows that most of them experienced a relatively

long normalised wear distance between 0-0.98, and a very small contact pressure of less then

5MPa. The temperature difference also decreased to approximately 300 ◦C with increasing

wear distance. For some of the elements with a normalised wear distance over 0.8, the longer

sliding process results in very low temperature differences of about 120 ◦C, and are typical of

low speed stamping processes. The relatively high contact pressures at lower wear distances

is caused by thickening and wrinkling at the edge of the blank due to high circumferential

compressive stresses.

Figure 6.9 illustrates the distribution of contact conditions on the die surface with a drawbead,

showing that with the existence of the drawbead, which effectively restricting the material

flow, the normalised wear distances drop to less than 0.1. The contact pressure varied from

0-120 MPa, which is similar to the results obtained from all the other files. The temperature

difference is about 380 to 200 ◦C. This is because that the sliding velocity is slow, while the

temperature difference experienced on the die surface kept dropping during the sliding, and an

average temperature difference is obtained. For a very slow sliding velocity, the temperature

contour can not show the evolution of the temperature in this method.
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for variable contact conditions

Experiments at realistic test conditions are of vital importance to investigate the boundary

conditions in sheet metal forming processes, such as coefficient of friction (COF) and interfacial

heat transfer coefficient (IHTC). Constant boundary conditions have been typically applied in

the previous studies. However, the boundary condition may actually vary over an extremely

short period of time in practical hot stamping processes. This chapter presents a data-driven

experimental method developed from the obtained visualisation results, to study the evolu-

tionary process of boundary conditions between aluminium alloy and tool materials in sheet

metal forming processes. The experimental setup and key procedures are also included in this

chapter.

7.1 Experimental methods of the tribology test

7.1.1 Test material

Aluminium alloy 7075 and tool steel P20 were mainly used in this project. Aluminium alloys

7075 have considerable industry application due to its high strength-weight ratio. P20 tool steel
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was a ideally suitable material for production of aluminium die. The lubricant used for the test

was provided by Novelis, specially developed for the high temperature stamping process.

7.1.2 Test equipment and setup

This test used a pin-on-disc setup, and Fig. 7.1 illustrates the schematic of a typical pin-on-

disc setup, where a pin with a flat or radiused tip subjected to a vertical load slides against a

flat circular disk. By applying the concept, a high temperature tribometer has been designed

by Anton Paar, as shown in Fig. 7.1(b). The operating temperature range of the tribometer

is from room temperature to 1000◦C. Independent measurement of normal load and friction

force is designed to avoid crosstalk between different force signals. The thermal drift error is

minimised by two friction sensors on the friction measurement. Surrounding heating elements

combined with water cooling was designed to provide precise and homogeneous sample temper-

ature control. The controllable variables include temperature, contact load, sliding speed and

sliding distance. Other technical specifications are listed in Table 7.1.

Figure 7.1: Schematic illustration of a pin-on-disc test (left) and Anton Paar pin-on-disc test
setup (right)

In order to reproduce the relative sliding condition during the sheet metal forming process, a

tool material pin and a workpiece material disk were used, where the tool material always slid

against a fresh blank material surface. An aluminium pin is easily worn during sliding process

leading to a contact pressure drop. The pin made of tool material can keep its geometry within

the controlled sliding distance, allowing a relative controllable contact pressure.
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The testing method followed the concept of ASTM G99 Standard Test Method for Wear Testing

with a Pin-on-Disk Apparatus (2016). No cleaning work is conducted for the pin or disk to

reproduce the real forming condition in manufacturing process. In the experimental setup,

the disk was rigidly held by the disk holder horizontally, and the pin was secured by a pin

holder. Through a adjustable level, the pin is set perpendicularly to the disk. For the lubricant

application, a dedicated rig was designed and manufactured allowing precise control of lubricant

applied on the pin. The pin specimen was loaded by standard weights. The test machine drives

the disk specimen to revolve about the disk center horizontally, causing a circlular sliding

path on the disk surface. The coefficient of friction was calculated from the friction force

measurement and the normal load.

Table 7.1: Technical Specifications for the Anton Paar high temperature tribometer

Rotation speed 0.3 to 600 rpm
Maximum torque 450 mNm
Friction force range up to 10N
Friction force resolution 0.03 mN

7.1.3 Results and discussion

The experiments the were performed with a linear sliding speed of 50 mm/s at a wear track

radius of 10 mm. Sliding speed was 50 mm/s. Normal loads, 5N and 8N, were used to investigate

the effect of contact pressure on the tribological behaviour, and a load increase condition, from

5N to 8N, a load decrease condition from 8N to 5N were tested.

An examination of the effect of contact pressure at 250◦C, as shown in Fig. 7.2, demonstrates

that the coefficient of friction at full film lubrication did not change while the lubricant break-

down distance decreased from 46 mm to 27 mm when the contact load increased from 5N to

8N. According to the generalised Stribeck curve and the Sommerfeld number, an increase in the

contact pressure will lead to a thin lubricant film. In addition, the lubrication mode transfers

from full film lubrication to boundary lubrication with the increase in normal loads, which leads

to a decrease in load-carrying capacity and early onset of lubricant breakdown. The variable

load condition perfectly fit the prediction results from interactive friction model developed by
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Figure 7.2: Friction test with load jump condition

(Hu et al., 2019).
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7.2 Experimental setup of the interfacial heat transfer test

7.2.1 Test material

Aluminium alloy 7075 were mainly used in this project. For the tool material, AlCrN-coated

tool substrate sponsored by Schuler was used.

7.2.2 Test equipment

Fig.7.3 illustrates the schematic of the IHTC test facility, which was dedicated designed and

manufactured to simulate the stamping processes in a Gleeble 3800 thermo-mechanical simula-

tor (Liu et al., 2017). The left pedestal (1 in Fig.7.3) and the testing frame (3 in Fig.7.3) were fix

in the Gleeble 3800 thermo-mechanical chamber as illustrated in Fig.7.4, and the right pedestal

was also attached to Gleeble but can move freely in horizontal direction. The die material

(2 in Fig.7.3) and punch material were connected to the left and right pedestals, respectively.

Two guide pillars (6 in Fig.7.3) were connected to the testing frame, and a insulating block (7

in Fig.7.3) was designed to freely move along the pillars. Two blankholers (5 in Fig.7.3) were

then fixed on the insulating sliding block, allowing the workpiece blank (4 in Fig. 7.3) attached

to freely move horizontally with the punch stroke. Workpiece blanks were electrical resistance

heated up at a heating rate of 10 ◦C/s through two blank cables attached to the blankholders,

as shown in Fig.7.4. The temperature distribution in the workpiece were homogeneous during

the heating process. In order to measure the temperature evolution, thermocouples were at-

tached to the die, the punch and the workpiece (3 mm distance to the surface, 12.5 mm deep

holes at tool material, center of the workpiece, as shown in Fig.7.4).

Table 7.2: Technical Specifications for Gleeble 3800 thermo-mechanical simulator

Maximum compressive force 20 tons
Maximum stroke distance 125 mm
Minimum stroke rate 2000 mm/sec
Maximum temperature 3000 ◦C
Maximum heating rate 10000 ◦C/s
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Figure 7.3: Schematic of the IHTC test facility, including (1) a pedestal, (2) a die, (3) a frame,
(4) a workpiece, (5) two blankholders, (6) two guide pillars and (7) insulating sliding block

Figure 7.4: IHTC experimental setup in Gleeble

7.2.3 Results and discussion

By using the data-driven approach, distributions of the contact pressure and contact area

between workpiece and tool during the stamping process were generated as shown in Fig.7.5.

The progression of the hot stamping process from 0 to 0.4 represents the holding stage, where

a contact pressure of 0.7 MPa has the highest probability. Only the blank holding region of

the blank is contacting to the tool, showing a small contact area. In the following stamping

process from 0.4 to 0.75, a contact pressure of 4 MPa has the largest probability with a dramatic

increases in contact area. The blank is then continually deformed and quenched, where the

contact area of the blank reaches 100% and the contact pressure with the largest probability is 15
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Figure 7.5: Contact pressure and contact area distributions in the progression of the hot stamp-
ing process

MPa. The contact pressure trend determined could therefore represent the 3-stage evolutionary

variable contact pressure during hot stamping processes.

As shown in Fig. 7.6, when the contact pressure increased from 0.7 to 4 MPa at 0.43 s, the

pressure-dependent parameter increased from 0.183 to 0.684, leading to the increasing overall

IHTC value from 1.4 to 4.6 kW/m2K, as shown in Fig. 7.6 (b). Consequently, the temperature

decreasing rate was enhanced suddenly at 0.43 s. When the contact pressure increased from 4

to 15 MPa at 1 s, the pressure-dependent parameter and thus the overall IHTC value increased

further from 0.684 to 0.987, and from 4.6 to 6.5 kW/m2 K respectively. The decreasing rate of

the workpiece temperature was therefore increased suddenly again at 1 s.

In order to represent the complex nature of a hot stamping process, IHTC tests were also

conducted with a 3-stage evolutionary variable contact pressure, identified using a data-driven

approach. The abrupt changes in the IHTC and consequently the temperature evolutions

of the workpiece were successfully captured and agreed well with the results predicted by the

developed IHTC model. This indicated that the IHTC model was able to accurately predict the

IHTC evolutions as a function of variable contact pressures. It was also verified that the IHTC
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Figure 7.6: (a) Variable contact pressure evolution (b) IHTC evolution, and the comparison
between the experimental and simulated temperature evolutions with data-driven IHTC test

test facility was capable of conducting IHTC tests with variable contact pressure conditions

and measuring the consequent temperature evolution of the workpiece with abrupt pressure

changes. The model and simulation work were conducted by Liu 2019.
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Chapter 8

Conclusion

8.1 Thesis review

This thesis focuses on the emergence of a unique research field in sheet metal processing, and

introduced a data processing framework and its applications in the research and industry.

By studying several FE simulation novel FAST forming technique of lightweight material, data

clearing, data standardisation, data normalisation, data classification have been used to develop

several algorithms to extract the insightful information from a sheet metal forming process.

Data visualisation was proposed to characterise the range of the boundary conditions, which

enables corresponding systematic data-driven testing schemes, i.e tribo-map and IHTC map.

Experiments verified the effectiveness of the testing scheme. The work presented in this study

will enable this traditional industry to be networked in a cooperative environment making the

most of industrial resources and increasing manufacturing and modelling efficiency.

8.2 Summary of thesis achievements

In this thesis, a theoretical framework was developed for data processing of vast volumes of

information-absent finite element data from high-temperature sheet metal forming processes.
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The framework consists of data pre-processing, data filtering and data visualization algorithms.

The following conclusions can be drawn:

• Three main typical thermo-mechanical features were found in a high-temperature sheet

metal forming process, representing three typical geometrical features of the components,

namely a blank holding area, a side wall and a flat bottom. Three thermo-mechanical

evolutionary algorithms were developed to enable geometrical characterization of these

geometrical features in the absence of spatial or visual data.

• It was found that a strain univariate algorithm was rigorous in recognizing the blank hold-

ing area with an accuracy of 95.4%. By utilizing the evolutions of strain, strain rate and

temperature, a time-dependent multivariate algorithm was able to successfully identify

the side wall and die bottom areas with an accuracy of 92.3% and 85.1%, respectively.

Moreover, the performance of the multivariate algorithm was increased by introducing

the stress states, such as the Lode parameter and stress triaxiality.

• The utilization of classification algorithms enables the visualization of high-temperature

metal forming processes, allowing data-driven research to be conducted.

Simplified laboratory tribological tests are widely used to evaluate the coefficient of friction and

interfacial heat transfer coefficient. However, the selection of testing conditions are mainly based

on researchers’ experience and constant contact conditions are used in most of the previous

research, which can not represent the real forming condition during the manufacturing. In this

paper, a data-driven method is proposed to generalise the contact conditions during the hot

aluminium stamping process, in which the data was successfully analysed to provide a new

insight into tribological behaviour during the forming process.

• Through the study of large numbers of experimentally verified finite element simulations,

contact conditions at the tool-workpiece interfaces were quantified and illustrated statisti-

cally, as tribo-maps, including the contact pressure, temperature difference, wear velocity

and wear distance.
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Chapter 8. Conclusion

• Three different tribological behaviour models are identified which mainly exist in the hot

aluminium stamping process, including free-draw, restricted-draw and dynamic models,

where different experiment designs and schemes are required.

• All three tribological models happens on die surface, while the punch is mainly restricted-

draw model and blank holding is mainly free-draw model.

• By using the data-driven method, the simplified laboratory tribological and IHTC tests

can provide realistic contact conditions as tests conducted on real forming tools and

relatively lower cost.

8.3 Future work

Future work includes optimising the data processing solutions for sheet metal forming process.

The data processing framework for other metal forming processes using 3D mesh, such as bulk

metal forming, need further development. Only load jump condition is investigated in this

project, a more dedicated friction test setup for data-driven test is required. Robotic arm,

which can change speed, load, with a temperature control system is a promising solution.
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Appendix A

Appendix: The galling behaviour of

advanced coating contacts with

aluminium alloy during sliding wear

A.1 Introduction

1The forming of aluminium sheets is an efficient manufacturing method for mass-producing

automotive components. However there are limitations to the success of aluminium forming

processes due to the materials’ vulnerability to undergo galling with the forming tools. The

consequences of material transfer and adhesive wear to the tool may result in severe damage to

the tooling and workpiece surfaces (Hanson, 2008; Figueiredo et al., 2011). Previous studies on

the surface modification of steel tooling showed that appropriate methods of polishing were ef-

fective in reducing galling (Podgornik et al., 2006; Schedin, 1994). Surface roughness was found

to have a large influence on the resistance to galling of tool surfaces, and the application of

hard coating provided good anti-galling properties (Podgornik and Jerina, 2012). The majority

of previous studies focused on the tribological evaluation of coated tools at room temperature,

1 This chapter is based on paper work by Hu, Y., Zheng, Y., Politis, D.J., Wang, L. and Gharbi, M.M., Inves-
tigation of galling behaviors between an aluminum alloy and metal forming tool. International Conference
on Advanced High Strength Steel and Press Hardening, Xian, China, 2016.
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and therefore it is of particular interest to study the anti-adhesive wear properties of differ-

ent coating and substrate combinations at elevated temperatures. The aim of this paper is to

explore the galling and friction behaviour for a combination of coatings and substrates. Ex-

periments were conducted at room temperature and elevated temperatures, in order to identify

the optimum coating and substrate combination that exhibits the lowest level of galling and

friction coefficient. Due to the industrially sensitive nature of the substrate tooling materials

used in the study, substrate names have been replaced with the notation ’Substrates 1, 2 and

3’

A.2 Material and experiment method

Coated tooling materials were tested through Pin-on-Disc tests using aluminium pins made

from AA6082 and AA7075, with a spherical head of 2.5 mm radius and disc diameter 55mm,

with materials provided by Schuler Pressen GmbH, as shown in Fig. 7.1 in Section 7.1.2. The

mean contact pressure applied in the tests was 0.33 GPa, calculated from the Hertzian contact

pressure model. Tooling substrate materials 1 and 2 were pin-on-disc tested with the application

of three coatings: AlCrN, CrN and DLC, while substrate 3 was polished, induction heated and

plasma nitrided.The coating material, substrate material, pin material and temperature were

treated as the independent variables of the test, with coefficient of friction and galling effect as

the dependent variables.

An Anton Paar THT tribometer was used to conduct the pin-on-disc friction tests at different

testing conditions as shown in Table 1. In the table, the pin material and the temperature of

the test for each substrate and coating are shown. The evolution in coefficient of friction was

recorded and compared between different coatings. Morphology changes to the disc specimen

and the height of the transfer layers were studied through a Veeco White Light Interferometry.

The galling behaviour was observed and 3D images showing the severity of material build-up

near the wear track were generated.
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A.3 Results and discussion

A.3.1 Effects of coating on the evolution of friction coefficient

Fig. A.1 shows the evolution of friction coefficient between Aluminium pins and different

coatings at room temperature. The value of friction coefficient between the pin and the uncoated

substrates was found to be approximately 0.6. The application of AlCrN and CrN were both

ineffective in friction reduction. However, the application of DLC has significantly reduced the

COF between the mating materials to approximately 0.2. For substrate 1, as shown in Fig.

A.1 (a) and (b), the initial value of COF between the pin and DLC had a value of 0.25, and

decreased slightly as sliding distance increased. For substrate 2, as shown in Fig. A.1 (c) and

(d), the DLC coating had a similar initial value of COF as the other coatings, but decreased

rapidly to a steady state value of just under 0.2. This may be due to a difference in initial

surface roughness. During sliding, the deformation of asperities resulted in a polishing effect

on the coated surface, suggesting that a polished tool surface may be beneficial for friction

reduction when a DLC coating is applied. It was also observed that the use of two different pin

materials resulted in no distinct differences on the evolution of friction coefficient, indicating

that the selected coatings are effective for both high strength aluminium alloys used in this

study.

Fig. A.2 shows the evolution of friction coefficient between the AA6082 pins and different

coatings at 300◦C. For the uncoated substrates, COF started at a value of 0.6 and continued to

increase rapidly as sliding distance increased, due to the galling effect. In contrast, the coated

substrates were relatively more effective in controlling friction. However, at this temperature,

the DLC coating had lost the advantageous characteristics it displayed at room temperature.

For substrate 1, as shown in Fig. A.2 (a), the COF between the substrate and coating remained

relatively stable at 0.6. For substrate 2, as shown in Fig. 3A.1 (b), the AlCrN coating showed

a COF that decreased from 0.6 to 0.4, whilst the CrN coating showed a COF that remained

more stable, decreasing from 0.5 to 0.4. It can be deduced that when the test was conducted

at a higher temperature of 300◦C, the uncoated materials suffered large amounts of galling,
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Figure A.1: The evolution of friction coefficient at room temperature of a) substrate 1 sliding
with AA6082 pin, b) substrate 1 sliding with AA7075 pin, c) substrate 2 sliding with AA6082
pin and d) substrate 2 sliding with AA7075 pin under various coatings

indicated by a severe build-up of wear particles and Aluminium transfer layer, leading to an

increase in surface roughness and Al-Al contacts. The application of coatings could prevent the

rapid increase in surface roughness and galling, therefore effectively controlling friction. Fig.

A.3 shows the evolution of friction coefficient between the AA6082 pins and different coated

substrates, including the induction heated, polished and plasma-nitride treated substrate 3.

Substrate 3 exhibits the lowest COF between the mating materials at both room temperature

and 300◦C. At room temperature, shown in Fig. A.3 (a), the three materials exhibited similar

values of friction coefficient, and remained relatively stable throughout the test. The difference

in average coefficient of friction between the three materials was less than 10%. At 300◦C,

as shown in Fig. A.3 (b), the superior characteristics of substrate 3 became more apparent,

resulting in an average friction coefficient of approximately 25% lower than substrate 1 and

2. It was also found that the rate of decrease in friction coefficient was larger at elevated

temperatures than room temperature. This can be reflected with substrate 1, where at room

temperature, its COF decreased from 0.6 to 0.5 whereas at 300◦C, COF decreased from 0.6 to

0.4. This suggests that the amount of plastic deformation of asperities at elevated temperature
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could be higher, leading to a faster rate of polishing effect. As result, the worn surface may

have a mirror-like finish.

Figure A.2: The evolution of friction coefficient at 300◦C of a) substrate 1 and b) substrate 2
under various coatings with AA 6082 pin

Figure A.3: The evolution of friction coefficient of substrate 3, substrate 2-AlCrN and substrate
1-AlCrN with AA 6082 pins at a) 25◦C and b) 300◦C

Fig. A.4 shows the evolution of friction coefficient between the AA6082 pins and coatings at

room temperature and 300◦C. A more apparent advantage of substrate 3 compared to substrate

1 and 2 can be found by comparing these graphs. The performance of substrate 1 and substrate

2 at two temperatures are relatively similar, whilst substrate 3 has demonstrated a good ability

to maintain COF at a similar value at room temperature as well as elevated temperatures. For

substrate 1, the difference in average coefficient of friction was 26.13% between room tempera-

ture and 300◦C, as shown in Fig. A.4 (a). For substrate 2, the difference in average coefficient

of friction was 32.32%, as shown in Fig. A.4 (b). For substrate 3, a significant difference in

performance can be shown in Fig. A.4 (c), in which the difference in average coefficient of

friction was 10.43%. In addition, the friction coefficient remained approximately constant at
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Figure A.4: Evolution of friction coefficient of a) substrate 1-AlCrN, b) substrate 2-AlCrN, c)
substrate 3 at 25◦C and 300◦C with AA 6082 pin

0.5 throughout the duration of contact, suggesting that the asperities on the two surfaces did

not undergo significant plastic deformation. The lower average friction coefficient of substrate

3 could also be explained by the induction heating, polishing and plasma-nitride treatment it

has undergone, resulting in a very smooth surface since the beginning of the test. A summary

of the differences in coefficient of friction at different temperatures is shown in Table 2 below.

A.3.2 Surface topography analysis: galling effect

Fig. A.5 shows the transfer layer thicknesses of substrate 3, substrate 1 - AlCrN, and sub-

strate 1 - CrN. By comparing the surface of substrate 3 with the two other substrates, it has

been significantly smooth throughout the tests, up until the test conducted at 450◦C, where a

significant amount of material build-up occurred. Before the test, substrate 3 started with a

lower surface roughness than substrate 1 and substrate 2. At 25◦C, the surface of the substrate

remained relatively smooth, with a low amount of galling. On the other hand, the other sub-

strate surfaces had already started to show some Aluminium transfer. At 300◦C, the surface

of substrate 1 - CrN showed severe marks of adhesive wear, and the surface has become ex-

tremely rough. The large amount of Aluminium that accumulated in the direction of relative

motion suggests that ploughing has occurred. Upon the comparison between substrate 1 with

AlCrN and CrN, it was apparent that AlCrN was a better coating, as the amount of galling

was significantly lower. At this temperature, the surface of substrate 3 continued to remain

relatively smooth. Its beneficial anti-adhesive wear characteristic could also be confirmed by
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A.3. Results and discussion

Figure A.5: Surface topography analysis of a) substrate 3, b) substrate 1-AlCrN and c) substrate
1-CrN with AA 6082 pin at 25◦C, 300◦C, 450◦C

the relatively low coefficient of friction at this temperature. However, at 450◦C, the surface

of substrate 3 also showed a significant amount of material transfer. In comparison with the

other substrates, the areas of material build up for substrate 3 were more concentrated in one

direction and had higher peak values. For substrate 1, the build-up of material was more evenly

spread across the metal surface. Although the surface of substrate 3 showed the least amount

of galling at room and intermediate temperatures, at 450◦C, the height of material build-up

was the most severe. The superior properties of substrate 3 against galling at cold and warm

stamping temperatures is also consistent with its ability to maintain a relatively low friction

coefficient at these temperatures. This is mainly due to the plasma nitride, induction heating

and polishing treatment carried out on it. However, its abilities are found to be limited, which

was reflected in the test at 450◦C, where severe galling has occurred.
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A.4 Conclusion

It was clear that the severity of galling is closely linked to friction coefficient, and they both

increase when temperature increases. At room temperature, no obvious distinction was found

between the various substrates, either coated or non-coated, except for DLC coating. The appli-

cation of this coating resulted in significantly lower coefficient of friction at room temperature,

however the coating was unable to withstand high temperatures. At elevated temperatures,

the application of AlCrN and CrN both resulted in better anti-adhesive wear properties, with

no distinct difference between the two coatings, selection of pin material or substrate material.

It can be concluded that the substrate 3 that had undergone induction heating, plasma-nitride

and polishing exhibited superior anti-adhesive wear properties than all the other substrate -

coating combinations. Surface topography displayed the material’s high resistance to galling

up to 300◦C, and tribology tests displayed its low and stable evolution of coefficient of friction.

All the other substrate - coating combinations can be concluded to have similar anti-adhesive

wear properties that are inferior to substrate 3.
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Appendix: FE simulation of aluminium

galling inducted forming tool failures

under multi-cycle loading conditions

B.1 Introduction

1Hard coatings have been used in the metal forming industry in order to obtain lower interfacial

friction coefficient and extended tool life (Bunshah andWeissmantel, 2000). Finite element (FE)

simulation has been widely used for metal forming processes to accurately predicting material

behaviour as well as optimising a forming process. The reliability of FE simulation results is

dependent on the accuracy of the material model, for example the flow stress data or constitutive

equations; as well as the assignment of boundary conditions, such as friction coefficient and heat

transfer coefficient. In the past years, advanced FE simulations have been developed via the

implementation of user-defined subroutines, which have significantly broadened the capability

of FE simulation software.

Current FE simulations of metal forming processes are mostly performed under single-cycle
1 This chapter is based on paper work by Zheng, Y., Hu, Y., Gharbi, M.M., Politis, D.J. and Wang, L.,

Development of coating design guidelines for a sheet metal forming tool-a feasibility study. Tool Conference,
Bratislava, Slovakia, 2016.
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loading conditions, and constant friction coefficient values are assigned to represent the complex

tribological nature at the contact interfaces of work-piece material and tools. However, in a

real production, the friction coefficient as well as tribological behaviour at the forming tool

contact interfaces will vary with the number of forming cycles due to wear(Hu et al., 2015).

It is of vital importance for engineers to understand the wear behaviour and the impacts on

coating and tool life under multi-cycle loading conditions. However, due to the complexity of

multi-cycle loading conditions, it is computationally very expensive to predict tool life using

conventional FE simulation software.

This paper introduces an alternative solution to the tool life prediction, namely a multi-objective

FEA technique. This technique is based on the application of functional modulus in a cloud

computing environment and can provide an efficient and effective method to model the advanced

forming features in conjunction with the conventional FE simulation (Wang et al., 2016). In this

technique, the data obtained from the FE software is processed within each separated functional

module, and is then imported back into the FE software in the relevant consistent format for

visualisation and post processing. The structure of the multi-objective FE simulation is shown

in Fig. 1.1. The tool life prediction module is one of the ’objectives’ in this cloud computing

platform. This module is based on an advanced interactive friction model (Ma et al., 2015) to

predict the evolution of friction and wear of coatings in a coating tribo-system.

Such an efficient approach enables the prediction of coating wear of forming tools in metal

forming industries, and provides guidance for engineers and designers to define the coating life

of forming tools. Once the wear of coating is predictable, the thickness of coating to forming

tools could be designed based on the actual conditions used in industries. To produce a certain

number of products, the required coating thickness can be obtained via the ’tool life prediction’

module, ensuring the effectiveness of applied coating during the fabrication and reducing the

waste of coating itself. Coating design guidelines for a sheet metal forming tool have been

proposed in this paper. A U-shape bending process will be used as a case study to illustrate

this technique. The coating design for different forming conditions has been carried out.

108



B.2. Interactive friction model

B.2 Interactive friction model

In the interactive friction model presented by Ma et al. Ma et al. (2015), the coefficient

of friction and wear are two interactive responses of a coating tribo-system, and two origins

contribute to the coefficient of friction, the initial friction coefficient µα and ploughing friction

coefficient µPc, respectively (Eq.B.1). Through a series of ball-on-disk friction tests, the typical

evolution of friction coefficient is shown in Fig. B.1 (Hu et al., 2015). It is indicated that the

evolution of friction can be divided into three stages by values of friction coefficient as well as

the types of wear mechanics. Initially, the friction is mostly generated between the ball and

the coating surface. At this stage, the coefficient of friction is relatively low, equal to initial

friction coefficient, µα. Only loose-power like wear particles are produced, having negligible

effects on the ploughing friction, µPc. Following this stable stage is the wear stage, where more

large-size wear particles accumulated and debris is generated gradually due to localised coating

spallation. In this stage, the size of debris is sufficient to be entrapped between the surface

asperities and begin ploughing through the coating. In the final stage, the coating is worn out

and the coefficient of friction keeps steady at a plateau, µPs (Podgornik et al., 2002, 2011).

Figure B.1: Evolution of friction coefficient by experimental data and friction model under
different loads

µ = µα + µpc (B.1)
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µpc = µpsexp
[
−(λ1h)λ2

]
(B.2)

h = h0 − ḣdt (B.3)

ḣ =
KPv

Hc

(B.4)

Hc = Hs(
α2 + hβ2

α + hβ2
) (B.5)

λ1 = kλ1P
Nλ1 (B.6)

K = kKP
Nk (B.7)

In this interactive friction model, the ploughing friction between the ball and substrate is

dependent on the instantaneous coating thickness, h (Eq. B.2). The parameters λ1 and λ2 are

the physical constants of the wear process. Time based integration algorithm is used to capture

the remaining coating thickness (Eq. B.3), so that the accumulated wear under varying contact

conditions can be modelled, e.g. metal forming operations. The classic Archard law is modified

and adopted to predict the wear of the coating (Eq. B.4), which asserts that the instant wear

rate ḣ is directly proportional to the product of the pressure P and sliding velocity v. The

concept of the combined hardness (Eq. B.5) is employed to estimate the evolution of the coating

hardness considering the thinning effect of the coating. The friction model parameters include

load independent parameters, µps , hardness ratio between coating and substrate, α, and the

coefficient of thickness, β; kλ1 , kK , Nλ1 and Nk which relate to the evolution of friction and

wear are determined empirically, as shown in Table B.1 (Podra and Andersson, 1999; Korsunsky

et al., 1998; Komvopoulos, 1991; Holmberg, 1992). Further details of this model can be found

in reference (Ma et al., 2015).

Table B.1: Material constants and model parameters of the friction model

λ2 µps µα α kλ1 kK Nλ1 Nk

2 0.311 0.17 6 4.58e17 7.27e-23 -3.84 4.095
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B.3 Coating design: a feasible study

The interactive friction model is then utilised in a room temperature U-shape bending process

via the Multi-objective FEA platform, as a feasibility study to predict the wear of coating.

The U-shape bending process is shown in Fig.B.2. This cold forming process is simulated as

a symmetric model with a stroke of 75mm, forming speed of 250mm/s, blank holding force

of 30kN and initial friction coefficient of 0.17. The forming tools include a die, punch and

blank holder. The coating thickness after different forming cycles are estimated and visualized

through the multi-objective FEA platform. The detailed procedures can be found in (Wang

et al., 2016).

Figure B.2: Pam-stamp simulation of U-shape bending process, presenting the (a) first, (b)
forming and (c) final stages of the process; the model consists of a blank, blank holder, punch
and die

B.4 Results and discussion

Through this multi-objective FEA platform, the wear of coating of U-shape bending process

under multi-cycle condition is carried out. The material constants and model parameters used

are listed in Table B.1. The initial coating thickness is 2.10 µm, and the simulation stops

when the target loading cycle is reached or the coating is worn out, i.e. the minimum coating

thickness on the tool reaches zero. According to the results, it is found that the breakdown cycle

for the die of this U-shape bending model is approximately 40600 cycles. Fig. B.3 (a), (b), (c)
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Figure B.3: Remaining coating thickness distributions on the die after (a)500 cycles (b) 20000
cycles (c) 40000 cycles of forming operations detailed wear features, and remaining coating
thickness distributions on the (d) die (e) punch (f) top blank holder, after 40000 cycles of
forming operations, and coating distribution of (g) die (h) punch and (i) top blank holder when
coating breaks down

illustrates the distribution of remaining coating thickness on the die after 500, 20000 and 40000

forming cycles, respectively. It can been seen that the wear of coating mostly concentrates on

the entrance region of the die, which undergoes severe sliding wear as a result of high contact

pressure and long accumulated sliding distance between the blank and die. The minimum

coating thickness on the die remains at about 2.10 µm after 500 cycles, and decreases to 1.08

µm and 0.032 µm after 25000 and 40000 forming cycles, respectively. The detailed features at

the draw-die is also illustrated, which is a typical draw-die wear feature [12]. The wear rate

gradually increased with time on account of the reduction in combined hardness. The coating

thickness decreases continuously afterwards and then eventually breaks down at 40600 cycles.

Therefore in this case, it is recommended that for a die with requested forming cycle of 40000,

coating with thickness of at least 2.10 µm be used. Furthermore, the wear situations for all
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three forming tools for the U-shape bending process were then estimated and compared. Fig.

B.3 (d), (e), (f) shows the remaining coating thickness of the die, punch and blank holder after

40000 forming cycles. Their initial coating thicknesses were all set as 2.10 µm. 98% of the

coating on the die is worn in this condition, whilst the wear behaviour on the punch and blank

holder are negligible. The remaining coating thickness for the punch was still over 2.0 µm, and

almost kept at 2.1 µm on blank holder.

Figure B.4: Wear of volume after 40000 cycles of forming operation

The coating distributions of die, blank holder and punch when the coating breaks down on

the tool on itself are shown in Fig. B.3 (g), (h), (i). For the upper blank holder, the coating

at the entrance region undergoes relatively severe wear, while the critical wear part of the

punch is the corner. The simulations results for different blank holding forces, 10kN, 20kN,

30kN, 40kN and 50kN were then used for further investigation and illustration, and the other

forming parameters kept the same. The volume of wear on the forming tools after 40000 cycles

of forming operation at different blank holding forces were calculated and plotted in log scale

as shown in Fig. B.4. From the figure, it can be clearly seen that the wear on these three

forming tools are in different levels. Despite of large accumulated sliding distance, the pressure

is considerably lower. As for punch, the contact pressure applied on the punch is similar to

that on die, but when comparing to the contact condition between die and blank, the relative

sliding distance between the punch and blank is significantly shorter. Fig. B.5 illustrates the
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typical distribution of pressure sliding distance on the die, punch and blank holder at a blank

holding force of 30kN. The relative sliding speed is calculated from the change of location of

forming tools and blank material. From Fig.B.4, the volume of wear on punch and blank holder

increases with the rise of blank holding force and the wear on the punch kept almost steady. It

is because that with the increase of the blank holding force, the pressure on the critical part of

tools increased, the effect of which will override the slight decrease in sliding distance between

the tools and blank, eventually leading to relatively severe wear. Fig. B.6 shows a more detailed

view of the wear condition at different blank holding force on die and blank holder.

Figure B.5: Typical pressure distribution on the (a) die (b) punch (c) top blank holder for
U-shape bending, and relative sliding distance distribution on the (d) die (e) punch (f) top
blank holder for U-shape bending at blank holding force of 30 kN

Coating design is a significant issue in the metal forming industry. In addition to the wear

volume, the critical wear points on tools are considered in this case study as well. In order to

prevent the failure of the coating on forming tools, the required coating thickness to allow 40000

cycles of forming operations is calculated via the multi-objective FEA platform and the results

are shown in Fig. B.7, where the minimum coating thickness required in this case is obtained.

Furthermore, by using this methodology, the optimized design of coating thicknesses can be

obtained for any requested forming cycles or different forming conditions on a set of forming

tools, and a more appropriate maintenance routine on the tools can be scheduled consequently.
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Figure B.6: Volume of wear on Die (right) and Blank holder (left) after 40000 cycles of forming
operation

Figure B.7: Designed coating thickness of die, punch and top blank holder for 40000 cycles

This paper provides a novel method to estimate the wear of coating and establish the coating

design guideline.

Table B.2: Designed coating thickness applied on forming tool for U-shape bending case study

Tools Die Punch Blank holder
Designed coating

thickness
>2.1 µm >0.1 µm >0.005 µm
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B.5 Conclusion

An advanced friction model was combined with the conventional FE simulation showing the

feasibility for predicting wear of coating. In the present research, the combination of the

friction model and FE simulation has enabled the coating life prediction for a sheet metal

forming processes. The distributions of coating thickness after different forming cycles are

estimated and visualised, which could provide the information about the wear condition during

the forming process. Based on these, a guideline for coating design of the forming tools has

been developed.
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Appendix: Data-driven tensile test

guidelines for hot stamping of aluminium

alloys

C.1 Introduction

Material property characterisation is an essential requirement of FE simulations, as their ac-

curacy is greatly enhanced with a detailed definition of the material’s deformation behaviour,

input in the form of either discrete data known as ’look-up tables’, or a set of constitutive

equations describing their flow stresses. Thus, sensible selection of the conditions at which

the material properties are characterised, through tensile or formability testing for example,

is needed. Currently, tensile testing conditions are usually selected based on experience as

opposed to the real requirements of the actual application of the material. Strain rates in the

range of 10−5 - 10−2 s−1 are used to study superplastic forming (Horita et al., 2000; Watanabe

et al., 1999), strain rates of 10−1 - 1 s−1 are used for steel sheet metal forming(Turetta et al.,

2006), and strain rates of 10−4 - 10−2 s−1 are utilised in the study of low-cycle fatigue (Hong

and Lee, 2004). Large variations in temperature ranges also exist across different applications,

such as in warm and hot stamping of aluminium alloys, where a range of 150 - 525 ◦C is used

117



Appendix C. Appendix: Data-driven tensile test guidelines for hot stamping of aluminium alloys

(Mohamed et al., 2012; El Fakir et al., 2014). To enhance the utility of the material data input,

the selected test matrix must be targeted according to the specific application of the material

and its associated conditions of strain rate and temperature. In the present research, an inno-

vative data driven approach was developed by data mining existing experimentally verified FE

simulation results obtained from the SmartForming R©. By tracking the deformation history of

each element, the real thermo-mechanical conditions in a hot stamping process were identified.

C.2 Methodology: data-driven approach for tensile test

As a FE simulation orientated multi-objective platform, experimentally verified simulations

from SmartForming R© can be used to construct a database from historical FE simulations to

provide a comprehensive quantification of temperature and strain rate conditions. In this sec-

tion, the ’Strategy’ module is implemented to study the deformation characteristics of AA6082

under hot stamping conditions.

The ’Strategy’ module works in three stages: data acquisition, data processing and data anal-

ysis, as shown in Fig.C.1. Data is acquired through the multi-objective SmartForming R© plat-

form, which can be accessed via www.smartforming.com. This is an online portal system

developed at Imperial College enabling engineers to share their knowledge and sophisticated

models. The case study in this paper is based on a database for hot stamping simulations of lab

scale dome tests. Simulations were conducted at different forming conditions, such as differ-

ent forming speeds and blank holding forces. The database consists of the thermo-mechanical

history of all elements in all stages of each simulation to capture the characteristics of the

Figure C.1: Smartforming simulation database - ’strategy’ implementation process
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deformation process. Data from each simulation is stored as a separate entity and managed in

the central cloud data system, and is then processed and analysed in the functional module. To

establish a uniaxial tensile test guide for the hot stamping technique, evolutions of temperature

and strain rate are selected from each simulation file. The first step involves filtering the raw

data to distinguish between elements from different regions, e.g. the blank holding area, die

cavity etc. In this study, the elements in the blankholder region are removed since plastic de-

formation in this region is very low, and does not represent the characteristics of hot stamping.

Due to the possibility of each simulation file having different numbers of elements, the data

could potentially be distorted, thus a weighting strategy is applied to adjust the proportional

relevance of each simulation to generate representative data. Single and bivariate parameter

distributions are then generated for data analysis.

C.3 Results and discussion: thermo-mechanical character-

istics of the hot aluminium stamping technology

Hot stamping of the dome shapes exhibits complicated temperature, strain rate and strain

path histories. Fig.C.2 shows the temperature and strain rate distributions for AA6082 dome

shaped parts formed under hot stamping conditions. The temperature distribution is found to

be negatively skewed as the majority of elements undergoing hot stamping tend to have higher

temperatures. 66% of the elements were formed in the 400 - 450 ◦C temperature range. The

peak of the distribution indicates the most frequent occurrence, and corresponds to the initial

forming temperature of 450 ◦C used in the lab scale dome tests. The minimum temperature

was found to be around 210 ◦C, while the maximum was 455◦C, which may have been caused by

frictional heat. The strain rate distribution resembles a normal distribution, and although the

peak region of strain rates of 0.1 - 1 s−1 are commonly tested, strain rates higher than 1 s−1 are

also encountered during hot stamping, occupying 29% of the distribution, where the maximum

strain rate was around 30 s−1. Single parameter distributions provide valuable insights into the

lower and upper limits, as well as the variation of the conditions encountered in hot stamping
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Figure C.2: Temperature and strain rate distribution for AA6082 formed under hot stamping
conditions

processes.

To facilitate the design of tensile test guidelines, a bivariate distribution incorporating the

relationship between temperature and strain rate was investigated. This offers greater benefits

as tensile tests are conducted at conditions based on both parameters. The relationship between

temperature and strain rate obtained from the dome shape forming simulations is visualised

in Fig.C.3, and provides the tensile test boundaries for the hot stamping of dome shapes

from AA6082. The maximum and minimum values are the same as those identified in the

single parameter distribution. However, higher strain rates (> 5 s−1) were found to be only

associated with high temperatures between 350 - 450 ◦C; this phenomenon is expected as at

higher temperatures, the material is softer and hence more plastic deformation occurs leading

to higher strain rates. 71.5% of the elements deformed in the temperature and strain rate range

of 400 - 455 ◦C and 0.01 - 10 s−1 respectively. For all temperatures below 350 ◦C, a maximum

strain rate of 5 s−1 would be sufficient, which occurred for 13.5% of the elements. It is therefore

critical to conduct tensile tests that cover the lower and upper limits, as well as to focus on

specific combinations of conditions with the greatest probabilities.
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Figure C.3: Temperature and strain rate distribution for AA6082 formed under hot stamping
conditions

C.4 Conclusion

The parametric study utilised in the ’Strategy’ functional module provides a viable approach

for determining test matrices for tensile tests and the conditions to be investigated. The

module integrates data from different simulation parts used in the SmartForming R© platform,

and numerically analyses the temperature and strain rate distributions to reduce uncertainties

in the critical input used in simulating the mechanical behaviour. It has captured dominant

temperature and strain rate conditions the blank undergoes during a hot stamping process

and detected the trends in the hot stamping of AA6082. The boundaries and trends identified

will allow researchers to conduct more focused and targeted tensile tests, reducing the efforts

of experiments, and improving efficiency and productivity. As the SmartForming R© platform

database expands, more material and forming technique specific tensile test guides could be

generated, with opportunities to develop more strategic analyses to gain insights into various

forming techniques.
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